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Abstract

Global records of landslides are subjected to incomplete-
ness and sampling bias because of spatially different levels
of monitoring and reporting. In this work, we use a con-
volutional neural network to detect landslides from glob-
ally available satellite images and compare the detection
with existing records of landslides. We train the model us-
ing an open high-resolution landslide dataset containing la-
beled landslide and non-landslide satellite images from the
Bijie region in China. We test the trained model on low-
resolution satellite images of Oregon, USA and Rwenzori
Mountains, Uganda taken by Sentinel-2, which provides
global coverage. To achieve better generalization of our
model, we conduct multiple operations including downsam-
pling the original training set to match the lower resolu-
tion of the test images, data augmentation, and distribution
matching for the input test images. We visualize the model’s
decision making process using Grad-CAM. By comparing
the detected landslides with the existing record, we find that
the landslides in Rwenzori Mountains, Uganda are much
more under-reported than in Oregon, USA. This work can
be used to detect potentially unrecorded landslides and un-
derstand the landslide sampling bias globally.

1. Introduction
The careful analysis of historical landslides is crucial for

mitigating this natural hazard risk in the future. However,
incomplete record of landslides can result in sampling bias,
which may lead to problematic decision making [2] and in-
complete understanding of the landslide impact at different
regions. For example, from the global view, South America
and Africa have high risk of landslides. However, accord-
ing to the documented record, the Global Landslide Cata-
log, these two regions have fewer reported landslides but
larger number of casualties than in North America. Many
small landslides or even larger ones are left out in English
publications or not recorded, but these events are happening
and having a huge impact on people [17].

In this project, our goal is to reduce this sampling bias by
detecting landslides from globally available satellite images

of the earth surface and comparing the detection with exist-
ing records of landslides [13, 12]. Mapping landslides by
exploiting the big data becomes an efficient and complete
way compared to field mapping [28]. We train our convo-
lutional neural networks given an open landslide dataset in
China [9], including labeled landslides and non-landslide
satellite images from the Bijie region. This model is tested
on unlabeled satellite images (Sentinel-2) from Oregon,
North America, and Rwenzori Mountains, Africa to help
us understand the different sampling bias rates at different
locations. The challenge is that the tested unlabeled satel-
lite images (Sentinel-2) have 10x lower solution compared
with the Bijie dataset. We address this issue by training the
model using the Bijie dataset of which the resolution is re-
duced to the same as the Sentinel-2 dataset.

The input to our algorithm is a satellite image. We avoid
other types of data with limited accessibility because we
aim to develop a method useful for areas with limited data
availability. We use a convolutional neural network with
transfer learning to classify whether the image contain land-
slides, and visualize which part of the image contribute to
the classification using class activation mapping [20]). We
quantify the sampling bias of landslide record by compar-
ing the number of detected landslides in the two test regions
with the recorded landslides.

2. Related work
Recorded landslides provide the guidance for the gov-

ernment or local authorities to assess hazards and reduce
risks. However, many landslides are unreported. This
under-reported issue is associated with a global spatial sam-
pling bias, such as in Rwenzori Mountains in Africa [8].
Researchers use additional resources to correct the bias: ge-
ological surveys, local media reports [22, 8], geophysical
methods such as InSAR [24, 2]. However, to our knowl-
edge, there is no quantitative metrics to evaluate the sam-
pling bias in recorded global landslide inventories.

To understand and reduce the sampling bias, we need
to identify unrecorded landslides from globally available
datasets. Mapping landslides with globally and publicly
available satellite images (e.g., Landsat, Sentinel-1 and
Sentinel-2) are more efficient than manual field mapping.
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Although visual interpretation is still very common [6],
more automatic landslides mapping methods have emerged.
Methods focusing on pixel-wise values in satellite images
include thresholding [19, 25], change detection [15, 27],
and supervised classification [14, 16, 21]. Deep convolu-
tional neural networks (CNN) also become popular in this
landslide detection task. [4, 26, 7] apply CNN with dif-
ferent depths to landslide detection. [9] take a step fur-
ther using a pretrained ResNet model with an additional
convolutional block attention module. They also use high-
resolution (0.8m) TripleSat satellite images which are not
public available yet. In spite of all the existing landslide
detection methods using deep learning, high-quality land-
slide labels for different geology, weather conditions and
land types are required.

3. Dataset and Features
3.1. Satellite imagery datasets

Figure 1: Labeled landslide (left) and non-landslide (right)
satellite images in Bijie region, China [9].

The high resolution (0.8m) training dataset is the open
landslide dataset developed by [9], which contains 2775
satellite images (TripleSat) covering the Bijie region in
China, with a block size 224 × 224. There are 771 images
with landslides manually annotated by geologists and 2004
non-landslide images (Fig. 1). We split the Bijie dataset
into training (60%), validation (20%), and test (20%) sets.

We then apply the trained model to two different test re-
gions: Oregon, at the Pacific Northwest Coast of the United
States and Rwenzori Mountains in Uganda, using Sentinel-
2 satellite images with a spatial resolution of 10m and an
area coverage of 108 km × 108 km [5]. Note that these im-
ages are different from the test set of the Bijie dataset. The
test regions are prone to rainfall-triggered landslides. The
satellite images we use are collected on 2019/03/17 (Ore-
gon) and 2019/01/28 (Rwenzori). Note the Bijie dataset
with high resolution (0.8m) for training the model are com-
mercial data with extra costs. Therefore we use the open-
source Sentinel-2 satellite data from the European Space
Agency for the purpose of applying the model globally. We
divide the satellite images into small blocks (18 × 18) cov-
ering 180m × 180m (Fig. 2). This block size covers simi-
lar area to the training images of Bijie region (224*0.8m =
179.2m). This block sizes results in 364816 images in each
test region. The (potentially incomplete) locations and dates
of recorded landslides in these two test regions are acquired

from the NASA Global Landslide Catalog [13, 12].

Figure 2: Sentinel-2 satellite images and corresponding im-
ages after distribution matching. Images are upsampled
from 18 × 18 to 224 × 224 using bi-linear interpolation.

3.2. Image preprocessing: Normalization and Data
augmentation

Every satellite image in the Bijie dataset contains RGB
channels (0-255), which we normalize to 0-1. We perform
different data augmentation methods to enlarge our train-
ing dataset and increase the generality of our model, includ-
ing flipping (horizontal and vertical), rotation, and adjusting
contrasts (Fig. 9). For each image in the Bijie dataset, we
randomly apply augmentation operations and generate one
new image so that we double the size of the training set. See
Appendices for examples of augmented images.

4. Methods
We train our model using the Bijie dataset only because

the Sentinel-2 dataset are unlabeled. We then test the trained
model on both the Bijie dataset and the Sentinel-2 dataset.
We use the deep learning framework Tensorflow Keras [1]
to perform the data augmentation and train our model.

4.1. Baseline: a simple CNN model
We apply a simple CNN model as the baseline model,

which consists of 3 identical convolution layers followed
by 2 fully connected layers. Each convolution layer con-
tains 32 filters with a size of 3 × 3 followed by a max-
pooling layer. We use Adam algorithm for the optimization
[11]. The loss function is the categorical crossentropy be-
tween the true label of the landslide classification (y0 = 1 or
y1 = 1) and the predicted probability of non-landslide(ŷ0) /
landslide(ŷ1): L = −y0 log(ŷ0) − y1 log(ŷ1).

4.2. Transfer learning with ResNet-50
To achieve a better performance, we apply transfer learn-

ing by fine-tuning the ResNet-50 model pre-trained with
ImageNet [3]. We change the output dimension to 2 (2
classes), retrain the weights of the last two fully-connected
layers, and freeze other parameters of the model. We use
Adam algorithm for the optimization [11]. We use the same
loss function proposed in the baseline method.

4.3. Visualizing activation maps using Grad-CAM
After training different models, we understand the de-

cision making of our model by creating classification acti-
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vation maps for different input images. Classification ac-
tivation maps help us understand which parts of the image
contributes more to the final classification decision. We use
Gradient-weighted Class Activation Mapping (Grad-CAM)
proposed by [20]. Grad-CAM uses the gradient of the final
convolutional layer for different classes to provide weights
for different feature maps. Then the activation map is a
weighted combination of different feature maps with an ad-
ditional ReLU layer. See Appendices for the mathematical
details.

4.4. Downsampling Bijie dataset for better general-
ization

Even though the Bijie dataset provides useful informa-
tion on landslide classification, it is spatially limited and
cannot be directly generalized to types of satellite data,
especially on lower-solution data (Fig. 2). The goal for
this work is to understand the sampling bias by classifying
the low-resolution satellite images in other regions. There-
fore, we downsample the Bijie dataset to the same reso-
lution as the Sentinel-2 data, and re-train the ResNet-50
model. While we expect that the performance will drop,
our goal is to achieve a satisfying performance even with
low-resolution data.

We first shrink the images in the Bijie dataset to 18 × 18
such that the image resolution is the same as the Sentinel-
2 data (10m), and then upsample the images to 224 × 224
(Fig. 3). We use bi-linear interpolation in these downsam-
pling and upsampling. Similar to the training with the high-
resolution data, we apply transfer learning by fine-tuning
the ResNet-50 model pre-trained with ImageNet [3]. While
we are aware that fine-tuning the ResNet-50 model pre-
trained with the high-resolution data will result in better ac-
curacy in the validation and test set of the Bijie dataset, we
choose not to do so because the the model may not gener-
alize well if it has already seen the high-resolution infor-
mation in Bijie. After re-training the model, we input the
Sentinel-2 images upsampled to 224 × 224 (Fig. 2) to de-
tect potential landslides. We manually investigate a portion
of the detected landslides in both study areas and confirm
whether they are landslides based on knowledge.

Figure 3: Example images illustrating the downsampling of
Bijie dataset. The labels on the left refer to non-landslide
(0) and landslide (1).

4.5. Distribution matching of different satellite im-
ages

Distributions of the value of satellite images of different
satellites, land types or weather condition might be differ-
ent. To generalize the trained model to Sentinel-2 datasets,
we need to understand the difference in the distribution of
the Bijie dataset and the Sentinel-2 dataset. We embed
all satellite images in the two datasets using t-Distributed
Stochastic Neighbor Embedding (t-SNE) [23]. We perform
an additional Principal Component analysis (PCA) [10] be-
fore the t-SNE embedding, and use the first 100 principal
components (> 95% of explained variance) as the input of
t-SNE for efficiency. We use the machine learning package
scikit-learn to perform PCA and t-SNE [18]. If satellite im-
ages from different datasets are embedded in different area
of the lower dimensional space, we apply an distribution
matching on the test Sentinel-2 dataset based on the distri-
bution of RGB channels. After the distribution matching,
the distribution of the Sentinel-2 dataset is the same as the
distribution of the Bijie dataset. For example, if the Bijie
dataset has ’brighter’ images in general, after this distribu-
tion matching, the Sentinel-2 dataset becomes brighter. See
Appendices for the details of distribution matching.

4.6. Quantifying the sampling bias of landslides in
test regions

The Sentinel-2 images are unlabeled so that we cannot
determine the correctness of all predictions in the test re-
gions. Therefore, we first manually check the correctness
of a subset of the predictions by our domain knowledge.
We then compare the spatial distribution of the predictions
against the land types of the test regions to check whether
our model can handle different features in the satellite im-
ages such as cities/villages, waters and clouds. These above
two steps demonstrate that the ability of our model in de-
tecting landslides in the two test regions. We then quan-
tify the sampling bias of landslides by comparing the num-
ber of detected landslides in the two test regions with the
recorded landslides [13, 12]. We define a bias factor as
Γ = d1/d2

r1/r2
, where d1, r1, d2, r2 are the numbers of detected

and recorded landslides in test region 1 and 2, respectively.

5. Results
5.1. Evaluation

We use accuracy, precision, recall, and F1-scores to
evaluate the classification performance in the Bijie dataset.
We first train the model using the original Bijie dataset
(224 × 224). Table 1 show results for the baseline model
and the transfer learning model ResNet-50. The models are
trained for 10 epochs. The hyperparameters we used are
learning rate = 0.001, β1 = 0.9, β2 = 0.999, ε = 10−7,
and batch size = 32. We do not apply data augmentation in
training these two models. We do not perform hyperparam-
eters tuning, therefore the validation and test datasets can
both be seen as test datasets. Note in Table 1, the test set is
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part of the Bijie dataset, not the Sentinel-2 satellite images
for the test regions where we apply this model.

Accuracy Precision Recall F1-score
Baseline
Training 0.9747 0.9438 0.9650 0.9543
Validation 0.9395 0.9037 0.8841 0.8938
Test 0.9194 0.8721 0.8304 0.8508
ResNet-50
Training 0.9979 0.9950 0.9975 0.9963
Validation 0.9896 0.9854 0.9783 0.9818
Test 0.9471 0.9266 0.8783 0.9018
ResNet-50 with the downsampled Bijie dataset
Training 0.9892 0.9695 0.9922 0.9807
Validation 0.9435 0.8941 0.9056 0.8998
Test 0.9097 0.8182 0.8710 0.8437

Table 1: Evaluation results of trained models.
We then train the ResNet-50 model using the downsam-

pled Bijie dataset (fig. 3) with the same resolution as the
Sentinel-2 dataset, with data augmentation applied. We
use the same hyper parameters listed above. Due to the
increased dataset size after augmentation, we increase the
training epochs to 15. No apparent overfitting issue presents
in our training. Table 1 shows the results of the model.
Although the accuracy is lower than the ResNet-50 model
trained with the original images, the performance is enough
for our purpose of detecting potential landslides.

5.2. Visualizing activation map
We do sanity check on using activation maps (Fig. 4).

For different classes, our trained models focus on the cor-
rect locations. The class-0 (non-landslide) activation map
focuses on buildings, roads, and waters, while the class-
1 (landslide) activation map focuses on exposed soils on
mountains which are likely to be landslide regions. In im-
ages where both landslides and other objects present, the
model can locate them separately. In Fig. 4E, the model fo-
cuses on the road and the landslide in the in the class-0 and
class-1 activation maps, respectively. In Fig. 4F, the model
focuses on the water (the brown area at the bottom right
corner) and the landslide in the in the class-0 and class-1
activation maps, respectively.

5.3. Distribution matching of different satellite im-
ages

The training Bijie dataset and the test Sentinel-2 dataset
are located at different area in the t-SNE space (Fig. 5a1).
The outliers of the Oregon Sentinel-2 dataset at the left
part of the t-SNE map are the ocean area. We apply dis-
tribution matching illustrated in Section 4.5. Fig. 5 b are
distributions of the RGB channels for the Bijie dataset.
Fig. 5 c1 and c2 are distributions of the Sentinel-2 dataset at
Rwenzori mountains before and after distribution matching.
The t-SNE embedding after distribution matching (Fig. 5
a2) shows that the datasets shares similar lower dimen-
sional representations. We also show the satellite images of
Sentinel-2 before and after distribution matching in Fig. 2.

A

B

C

D

E

F

1 2 3 4

Figure 4: Activation maps for the ResNet-50 model trained
with downsampled Bijie dataset. A-C and D-E are non-
landslide and landslide images, respectively. Columns 1
and 2 are the original 224 × 224 and downsampled images,
respectively. Columns 3 and 4 are the activation maps for
non-landslide and landslide class, respectively.

Figure 5: Distribution matching: a) t-SNE maps of all satel-
lite images before and after distribution matching b) RGB
channels histogram of Bijie dataset c) RGB channels his-
togram of Rwenzori mountains before and after distribution
matching.

Images after distribution matching have higher brightness
and more green tones.

5.4. Quantifying the landslide sampling bias
We test the model trained with the downsampled Bijie

dataset on the Sentinel-2 images 1) near Eugene, Oregon, at
the Pacific Northwest Coast of United States 2) at Rwenzori
Mountains in Uganda (Fig. 2). As shown in Figs. 6, im-
ages with the highest probabilities correspond to mountains
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Figure 6: Left: Test region 1 (Rwenzori). Right: Test re-
gion 2 (Oregon). Top (Bottom): randomly chosen 10 im-
ages with the predicted probability of containing landslide
> 0.99 (< 0.01). The values above the images are the pre-
dicted probabilities.

with batches of exposed soil, while images with the lowest
probabilities correspond to clouds and water. In Fig. 7, we
compare the spatial distribution of the predicted landslide
probabilities against the corresponding Sentinel-2 images.
The regions with the most high probabilities are consistent
with mountains, while the regions with less high probabil-
ities are consistent with water, clouds, and cities/villages.

Landslide probability mapSentinel-2

Oregon, United States

Rwenzori, Uganda

Figure 7: Comparison between the spatial distribution of the
predictions against the corresponding Sentinel-2 images.

Fig. 8A plots the number of landslides detected in the
two test regions with different probability thresholds ap-
plied to the predicted class probabilities. According to
the NASA Global Landslide Catalog [13, 12], the numbers
of recorded landslides are 38 for test region 1 (Rwenzori
Mountains) and 189 for test region 2 (Oregon). Fig. 8B
plots the events ratios (d1/d2 and r1/r2). The horizontal
lines show the ratio in the record in different time periods.
While the recorded events in test region 1 is much less than
test region 1, our model detects more landslides in test re-
gion 1. The bias factor Γ is thus at the order of 101.

6. Discussion
With the high bias factor, our analysis suggests that the

landslides in test region 1 (Rwenzori Mountains) are much

Figure 8: A: Number of landslides detected in the two
test regions with different probability thresholds applied to
the predicted class probabilities. B: detected events ratio
(d1/d2) and recorded events ratio r1/r2.

more under-reported than test region 2 (Oregon). This
under-reporting can be a result of a lower population density
or a less developed monitoring system in Africa. Our work
can help address this regional imbalance by detecting poten-
tial landslides from globally available satellite images. The
detected landslides, or regions with high landslide proba-
bility, can be further inspected manually, which saves huge
amount of human work in acquiring a more complete and
less biased record of landslides.

While our model can detect potential landslides from the
low-resolution Sentinel-2 images, it also misclassifies some
trails and dirt roads (e.g., the second and fifth image in the
first row of Fig. 6), which have similar color as the exposed
soil in landslides. This can potentially lead to much more
detected landslides than the actual landslides. It is also
likely that large landslides cover larger area than the cov-
erage of a single image (180m × 180m), so that a single
landslide is detected multiple times.

7. Conclusion and Future work
Being trained with the downsampled Bijie dataset, our

ResNet-50 model can detect potential landslides from low-
resolution Sentinel-2 images and handle different land and
object types in satellite images. We do distribution match-
ing for the test images to accommodate images of differ-
ent satellites from the training dataset. By visualizing the
activation maps, we demonstrate that our model focuses
on reasonable objects when making predictions. By com-
paring the recorded landslides in test regions with the de-
tected landslides, we find that the landslides in test region 1
(Rwenzori Mountains) are much more under-reported than
test region 2 (Oregon), suggesting that sampling bias exists
in current records of landslides.

In this study, we use satellite images taken at a single
time point. In the future, using series of satellite images
taken at different time with labeled landslides can greatly
improve the ability of detecting landslides because we can
acquire the changes in the landscape, which can be caused
by landslides.

Contributions
This project is a collaborative work, where Lijing Wang

is only taking CS231N and Zihan Wei is only taking CS230.
Considering that this project greatly match the scope of both
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courses, we will collaborate on this project without explic-
itly distinguishing the work for a specific course. Lijing
Wang conceptualized the project, collected and augmented
the data, developed distribution matching, and applied the
model to the test regions. Zihan Wei trained the models
and quantified the sampling bias in the test regions. Both
authors contributed to data preprocessing, visualizing acti-
vation maps using Grad-CAM, and writing the report.

Appendices
Data augmentation

Fig. 9 shows examples of augmented images.

Figure 9: Data augmentation

Grad-CAM
We denote the k feature maps of the final layer as Ak,

the score of class c as yc, c = 0, 1. Then the activation map
CAMc for each class c is:

CAMc = ReLU(
∑
k

αc
k ∗Ak)

The weights αc
k are the average gradient of the score with

respect to the feature map:

αc
k =

1

N

∑
i

∑
j

∂yc

∂Aij
k

N is the size of the feature map (column size × row size).
We are only interested in the positive impact of the feature
map. Therefore the additional ReLU layer is applied to re-
move any negative impact.

Distribution Matching
We learn the distribution of RGB channels from the

training dataset, denoted as the cumulative distribution
function (CDF): FR(r), FG(g), FB(b), and the distribution
of RGB channels from the test dataset, denoted as the
CDF: FR′(r′), FG′(g′), FB′(b′). Then we replace every
value (r′, g′, b′) in the test dataset with the value (r, g, b)
in the training dataset, where FR′(r′) = FR(r), FG′(g′) =
FG(g), FB′(b′) = FB(b). This means that for all red chan-
nel values, the probability of any red channel values in the
test set is less than r′, FR′(r′) = PR′(R′ ≤ r′), is the same
as the probability of any red channel values in the training
set is less than r, FR(r) = PR(R ≤ r). Then
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