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3| Improving the classification of flood 
tweets with contextual hydrological 
information in a multimodal neural 

network 
While text classification can classify tweets, assessing whether a tweet is related to 
an ongoing flood event or not, based on its text, remains difficult. Inclusion of 
contextual hydrological information could improve the performance of such 
algorithms. Here, a multilingual multimodal neural network is designed that can 
effectively use both textual and hydrological information. The classification data 
was obtained from Twitter using flood-related keywords in English, French, 
Spanish and Indonesian. Subsequently, hydrological information was extracted 
from a global precipitation dataset based on the tweet’s timestamp and locations 
mentioned in its text. Three experiments were performed analyzing precision, recall 
and F1-scores while comparing a neural network that uses hydrological 
information against a neural network that does not. Results showed that F1-scores 
improved significantly across all experiments. Most notably, when optimizing for 
precision the neural network with hydrological information could achieve a 
precision of 0.91 while the neural network without hydrological information failed 
to effectively optimize. Moreover, this study shows that including hydrological 
information can assist in the translation of the classification algorithm to unseen 
languages. The filtered tweets can be used to more effectively organize disaster 
response, validate and calibrate flood risk models, and task satellites among other 
applications. 
 
 
 
 
This chapter is based on: 
de Bruijn, J. A., de Moel, H., Weerts, A.H., de Ruiter, M.C., Basar, E., Eilander, D. 
and Aerts, J.C.J.H. Improving the Classification of Flood Tweets with Contextual 
Hydrological Information in a Multimodal Neural Network. Computers and 
Geosciences 140: 104485. https://doi.org/10.1016/j.cageo.2020.104485  
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3.1 Introduction 
Over the last decade Twitter has become a useful tool for detecting and tracking 
environmental hazards such as floods, bushfires and earthquakes (Avvenuti et al., 
2014; Brouwer et al., 2016; de Bruijn et al., 2018; De Longueville et al., 2009). 
Twitter data has been applied in various phases of the disaster management cycle, 
such as for supporting response (Ashktorab et al., 2014) and recovery activities 
(Kryvasheyeu et al., 2016). Roughly 500 million tweets are posted daily, of which a 
relatively small percentage is related to natural hazards. Still, roughly 20,000 tweets 
containing the word “flood” are posted daily, referring to, for example, the 
construction of dikes, flood forecasts and flood sightings. Collecting and monitoring 
these tweets can indicate locations where disasters occur, and provide useful data for 
aid organizations (de Bruijn et al., 2018). However, the word “flood” and its 
translations are also frequently used figuratively or in a transferred sense (e.g., "I am 
in a flood of tears"). Therefore, effective filtering of these tweets is necessary to 
improve the performance of downstream algorithms, enhance user experience and 
reduce manual labor. 

A large number of studies have focused on the selection of relevant Twitter messages 
during ongoing disasters (e.g., Hasan et al., 2017; Lorini et al., 2019; Pekar et al., 
2019). Other studies have focused on the detection of disaster events, classifying 
information without a priori knowledge about an event (Arthur et al., 2018; 
Avvenuti et al., 2016a; de Bruijn et al., 2019; Sakaki et al., 2013; Sarmiento et al., 
2018). These approaches use a wide range of machine learning algorithms, such as 
Naïve Bayes (Imran et al., 2013; Li et al., 2018) and Support Vector Machines 
(Caragea et al., 2011; Wang and Manning, 2012), which employ features such as 
the frequency of (stemmed) words and the presence of URLs. More recently, neural 
networks for text classification have become increasingly popular (Avvenuti et al., 
2018a; Devlin et al., 2019; Joulin et al., 2017; Kim, 2014; Lorini et al., 2019). 

Unfortunately, state-of-the-art machine learning algorithms for natural language 
processing still trail behind human understanding, since humans are better able to 
use context to their advantage, among other reasons. Therefore, there has been an 
increase in studies using multiple (contextual) inputs to improve classification tasks, 
known as multimodal fusion (e.g., Liu et al., 2018; Poria et al., 2016; Zadeh et al., 
2017). While researchers have shown that authoritative geographical data could be 
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used to quantitatively assess tweets (de Albuquerque et al., 2015) and can help to 
improve assessments of the various components of risk from tweets (e.g., Schnebele 
et al., 2014; Smith et al., 2015), such contextual geographical data, to the best of our 
knowledge, has not been employed to improve text classification in a multimodal 
fusion approach. 

In this study, we designed a multimodal neural network, employing both textual and 
contextual hydrological information to improve the classification process of tweets 
for flood detection for four languages. The hypothesis conjectured is that it is more 
likely for a user to refer to an ongoing flood event after an abnormal amount of 
rainfall, and that conversely it would be unlikely for a user to refer to an ongoing 
flood event when little to no rain has fallen within the referred area or greater 
catchment. This approach could also help in cases where the text is not immediately 
clear and its meaning can only be derived using additional (linked) content (e.g., for 
tweets about sending relief aid, it is often not immediately clear, even to a human 
reader, whether the flood happened very recently or occurred more than a few days 
ago). 

To test the hypothesis, three experiments were performed to assess the value of 
including hydrological features by testing the algorithm 1) for applications favoring 
high precision or high recall, 2) for tweets written in several languages (i.e., English, 
Indonesian, French and Spanish), and, 3) for languages for which no manually 
labeled data is available. 

3.2 Methods 
In this section (Figure 3.1), we first describe the tweet collection process (section 
3.2.1). Then we describe how we used a subset of the collected tweets for each of the 
four languages to manually classify the tweets into a “relevant” (i.e., tweets related to 
an ongoing flood event) and an “irrelevant” (i.e., tweets unrelated to ongoing floods) 
class (section 3.2.2). Next, we discuss how we employed multilingual word 
embeddings to extract textual features from the tweets’ text (section 3.2.3.1) and 
how we extract hydrological features from the Global Satellite Mapping of 
Precipitation (GSMaP) rainfall dataset (section 3.2.3.2). These features were then 
combined in a multimodal neural network, which is composed of a textual, 
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hydrological and decision subnetwork (section 3.2.4), to obtain the predicted class 
for a tweet. Finally, this section outlines the experimental setup (section 3.2.5). 

 

Figure 3.1 Flowchart of the automated classification process. 

3.2.1 Data collection & localization 
We collected 56.8 million “keyword-filtered” tweets between July 29, 2014 and 
November 11, 2018 using the Twitter streaming API and a set of pre-defined 
keywords in four languages (Table 3.1). 

Table 3.1 Keywords related to floods used for analysis. 

LANGUAGE KEYWORDS 

English (en) flood, floods, flooding, flooded, inundation, inundations, 

inundated 

Indonesian (id) banjir 

French (fr) inonder, inondation 

Spanish (es) inundación, inundar, inundaciones 
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Next, to derive hydrological features, these tweets need to be linked to locations. A 
large number of studies have tried to do so, for example, by estimating the location 
that the tweet was sent from (e.g., Roller et al., 2012) or the user’s residence (e.g., 
Mahmud et al., 2014). However, for the purpose of deriving hydrological features, 
we are interested in the (potential) flood event described in the tweet, and thus aim 
to find a location referred to by the user in the tweet’s text. To this end, the process 
of “geoparsing” is employed (Avvenuti et al., 2018a; de Bruijn et al., 2018; 
Middleton et al., 2018) for which we used the TAGGS algorithm (de Bruijn et al., 
2018). This algorithm can be used to extract the geographical location of tweets in 
space-separated languages, is geo-unconstrained (i.e., global-scale) and does not 
assume a priori knowledge about an event. First, the algorithm matches consecutive 
words in a tweet’s text to locations (i.e., countries, administrative areas and 
settlements) in the GeoNames database 10. For each tweet, this process yields a list of 
so-called toponyms (location names) together with their candidate locations (e.g., 
“Boston” yields “Boston, Massachusetts” and “Boston, UK” etc.). The next step in 
the algorithm is toponym resolution. To this end, tweets that mention the same 
toponym within a 24-hour time frame are grouped. Then, an average score for each 
candidate location is calculated based on the agreement between geographical 
indicators attached to the tweet (e.g., user time zone and location) and the candidate 
locations. Finally, the location with the highest score is selected and assigned to all 
tweets in the group. We refer to de Bruijn et al. (2018) for a complete explanation 
and validation of the algorithm. 

From these tweets with locations, only those tweets (6.84 million) that mentioned a 
single settlement (i.e., city, town, or village) are selected. Subsequently, based on the 
centroid of the mentioned location, each tweet was assigned to a hydrological sub-
basin as obtained from the HydroBASINS dataset level 9 (Lehner and Grill, 2013). 

3.2.2 Data selection & manual classification 
For each language (i.e., English, Indonesian, French and Spanish), we constructed a 
dataset for manual classification. To this end, we obtained all sub-basins that have 
one or more tweets assigned per language. From these basins, a random sub-basin 
(without substitution) was selected, and its assigned tweets were considered for 

 

10 www.geonames.org 
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manual classification in the order of posting. First, to assist the manual classification 
process and simultaneously increase the variety of tweets seen by the classifier, we 
discarded tweets that satisfied at least one of the following conditions:  

• The tweet is a near duplicate of one of the previous 100 analyzed tweets for 
that basin (i.e., more than four consecutive words are identical to four 
consecutive words in one of the previous analyzed 100 tweets). 

• The author of the tweet is identical to a previous tweet. 
• The tweet mentions more than one detailed location. 
• At the time of selection, the tweet is not available on Twitter (i.e., the tweet 

was deleted or otherwise unavailable). 
• The content linked to in the tweet is not available anymore (e.g., status 404 

code). 
• The hydrological sub-basin or its upstream catchment are not between 60°S 

– 60°N (since GSMaP does not provide data outside this latitude range). 

Furthermore, to reduce the influence of large flood events (e.g., more than 600,000 
tweets containing the word “flood” were posted referring to Hurricane Harvey) and 
prevent bias towards them, a maximum of five random tweets were selected per day. 

For each of the four languages, 1000 tweets were manually labeled as “relevant” when 
they were related to an ongoing flood event or “irrelevant” for the converse. Tweets 
were assigned to the “relevant” class when a tweet referred to a flood that is ongoing 
at the time of posting or was ongoing no more than three days ago. This includes, 
for example, tweets referring to response, rescue, and support operations; receding 
flood water; or the failure of water supply. All other tweets were assigned to the 
“irrelevant” class. Some examples of such tweets include flood alerts, forecasted 
flood, references to potential flooding, content related to a flood event more than 
three days ago (e.g., ongoing cleanup operations and historic event 
commemorations), averted flood events, and the use of the word “flood” in figurative 
or transferred sense etc. 
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3.2.3 Feature extraction 

3.2.3.1 Textual features 
The pre-processing of the tweets’ text consisted of several steps. First, as Twitter 
usernames usually do not convey content but can be important for sentence 
structure, all mentions of Twitter users (e.g., “@johnson”) are replaced with the word 
for “@user” in the respective language (e.g., “@pengguna” for Bahasa Indonesian). 
Next, we removed all URLs from the Tweets’ text. Most (little-known) locations are 
poorly represented in pre-trained word embeddings, especially when a specific 
language is not spoken in that location. For the machine learning algorithm, the 
precise location name should be irrelevant. Therefore, all location mentions were 
replaced with the following three well-known locations that feature in the 
dictionaries for all analyzed languages: respectively, “Brazil”, “Florida” and 
“Amsterdam” replaced all mentions of countries; administrative subdivisions; and 
cities, towns or villages. Moreover, this avoids bias towards certain locations (e.g., all 
tweets mentioning Jakarta are assigned to the “relevant” class). 

Because a neural network requires text to be represented as vectors, each sentence 
was then split into individual words that were subsequently mapped to vectors. 
Various approaches exist to create these vectors. With the one-hot encoding 
approach, each unique word is a category represented as a binary vector (e.g., “flood”: 
[1, 0, 0, …], “flooding”: [0, 1, 0, …]). If all words in the labelled set are considered, 
the length of the vectors is identical to the number of unique words in the training 
data. In contrast, word embeddings can capture semantic similarities between words 
by using a vocabulary to map words to a vector of real numbers of pre-defined length 
(Mikolov et al., 2013). Words with similar meanings (e.g., “flood” and “flooding”) 
should have similar word vectors, allowing a better generalization of a neural 
network. Moreover, word embeddings for different languages can be aligned in a 
single vector space to create multilingual word embeddings, supporting the 
generation of multilingual classifiers (Conneau et al., 2017). Here, we employed 
fastText (Joulin et al., 2017) word embeddings, aligned using the supervised MUSE 
method to create multilingual word embeddings (Conneau et al., 2017). Mapping 
tweets using the word embeddings resulted in a 2D floating tensor for each tweet. 
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3.2.3.2 Hydrological features 
We evaluated hydrological parameters for global hydrological sub-basins as available 
in the HydroBASINS dataset level 9 (Lehner and Grill, 2013) using rainfall statistics 
derived from the GSMaP project (Kubota et al., 2007). Data is available between 
60°S and 60°N at a 0.1° × 0.1° resolution (~11 × 11 km at the equator) and is derived 
from satellite observations of passive microwaves and infrared radiation. To evaluate 
the travel time between a sub-basin and its upstream sub-basins, we use a dataset that 
depicts the propagation time for kinematic waves under high streamflow conditions 
(Allen et al., 2018), simulating the minimum time that a discharge wave requires to 
propagate through the river network (Figure 3.2). Here, we assumed that rainfall 
that ultimately causes a flood event reaches the river network within the subbasin 
relatively quickly as overland flow, and that lag time is as such negligible. 

 

Figure 3.2 An example of the lag times computed in hours for the Thames Basin. The map uses the 

Equirectangular projection of the WGS84 geographic coordinate system. 

The procedure used to derive rainfall parameters is depicted in Figure 3.3. Using 
historical rainfall data from the last 10 years (2009–2018) and every tweet’s 
timestamp and location (section 3.2.1), we derived various rainfall statistics, 
including the percentage of cells where the three-hour accumulated rainfall is above 
the 90th percentile in the local sub-basin. To do so we used different combinations 
of parameters of the following four variables: 
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1. Time period: current value of the statistic or maximum value in the previous 
one and three days. 

2. Feature type: the rainfall percentile relative to the historical data or the 
percentage of cells in the considered area above the 90th, 95th and 98th 
percentiles. 

3. Accumulation time: the one-hour, three-hour, one-day or five-day 
accumulated rainfall. 

4. Considered area: the amount of rainfall in the sub-basin itself or the 
upstream sub-basins, which includes the sub-basin itself. We only 
considered the rainfall in the upstream sub-basins if the travel time from 
that sub-basin was lower than the accumulation time considered. For the 
upstream basins, the one- and three-hour accumulation times were not 
considered. 

 

Figure 3.3 Variables and their parameters used to derive rainfall statistics per sub-basin. 

3.2.4 Neural network 
We designed a multimodal neural network that analyzes both the textual and 
hydrological features (Figure 3.4a). The approach here is to design a textual subnet 
that distills topics from the textual features (e.g., flood warning, victim assistance 
and dike construction) in a number of (non-binary) nodes, while the hydrological 
subnet determines the conceivability of flooding from the hydrological features (i.e., 
rainfall statistics) in a single (non-binary) node. These output nodes of the subnets 
are then fused in a decision subnet that determines the class of the tweet at hand. 
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Figure 3.4 Conceptual model architecture using a) hydrological input and b) no hydrological input h. 
Note that the number of nodes in the figure differ from the actual model. 

To this extent, the network should ideally be able to learn both intra- and intermodal 
dynamics. Several approaches can be adopted toward this end (Zadeh et al., 2017). 
Early fusion at the input level can be problematic because inter-modality dynamics 
can be more complex at this stage and could result in overfitting. By contrast, late 
fusion integrates the network at the decision level, resulting in potential 
oversimplification of the inter-modal dynamics. Therefore, to capture these both 
intra- and intermodal dynamics, Zadeh et al. (2017) proposed an approach where 
interactions between various neural subnets are explicitly modelled. Adopting such 
an approach, we designed a textual and hydrological subnet and modeled their 
multimodal interactions in a flood detection subnetwork. 

In the textual subnet (𝑈𝑈𝑡𝑡) we fed the textual data (section 3.2.3.1) through a series 
of convolutional layers with multiple filter widths (i.e., 3, 4 and 5) and max-over-
time pooling (Kim, 2014). These layers were concatenated, followed by a dropout 
layer with a dropout rate of 0.5. For the hydrological subnet (𝑈𝑈ℎ), the hydrological 
features (section 3.2.3.2) were used as inputs for a fully connected layer with 20 
neurons, which subsequently feeds another dense layer with a single neuron, both 
with Rectified Linear Unit (ReLu) activation functions. The textual and hydrological 
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subnets were then concatenated and fed to the decision network (𝑈𝑈𝑑𝑑) , which 
consists of two fully connected layers of 20 neurons with tanh activation and a final 
output layer of a single neuron with sigmoid activation. 

Loss was minimized over 300 epochs with the Adam optimizer (Kingma and Ba, 
2015), using a learning rate of 0.0005. For the loss calculation, the errors for the 
“relevant” class were upweighted by a factor inversely proportional to the frequency 
of the “relevant” labels in the training data, balancing the contributions of the 
“relevant” and the “irrelevant” class. An additional factor �𝑤𝑤𝑝𝑝� can be applied to up- 
or downweigh the contribution of the “relevant” class, resulting in the network 
favoring precision over recall �𝑤𝑤𝑝𝑝 < 1� or vice versa �𝑤𝑤𝑝𝑝 > 1�. 

In addition, we designed an additional neural network that does not employ 
hydrological contextual data (Figure 3.4b) in order to assess the difference. Here, the 
textual subnet (𝑈𝑈𝑡𝑡) directly feeds into the decision network (𝑈𝑈𝑑𝑑)  and does not 
include the hydrological subnet (𝑈𝑈ℎ).  

All neural subnets are trained at the same time driven by a single training dataset 
with textual and hydrological features (if used by the network) derived from the same 
tweets.  

3.2.5 Experimental setup 
To evaluate the contribution of the hydrological context, we compared the 
performance of the network with and without hydrological contextual information. 
We performed three experiments comparing precision, recall and F1-scores. To assess 
the performance of the network using no hydrological information, we used only the 
textual subnet (𝑈𝑈𝑡𝑡) feeding directly into the decision network (𝑈𝑈𝑑𝑑), rather than 
concatenating the hydrological (𝑈𝑈ℎ) and textual subnets (𝑈𝑈𝑡𝑡) before feeding into 
the decision network (𝑈𝑈𝑑𝑑). In all experiments, tweets for the same sub-basin that are 
less than 10 days apart are grouped and jointly assigned to either the training or 
validation data such that the model does not validate on the same flood events as it 
trains on. In addition, all splits are stratified. For all experiments, the evaluation 
scores were averaged and tested for significance using the corrected paired Student’s 
t-test (Nadeau and Bengio, 1999). The following experiments were run: 
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1. In the first experiment to test applications favoring high precision or high 
recall, we used all data, while varying 𝑤𝑤𝑝𝑝 (0.5, 1.0, 2.0, 3.0 and 5.0) in order 
to analyze the performance of the network when precision is favored over 
recall and vice versa. We applied 10×5-fold cross validation (i.e., 5-fold cross 
validation repeated 10 times for a total of 50 runs) in order to obtain stable 
evaluation scores. For the next two experiments, a 𝑤𝑤𝑝𝑝  that balances 
precision and recall was used (namely 2.0, see section 3.3.1). 

2. In the second experiment to test the algorithm for tweets written in different 
languages, we analyzed the performance for each language in the labeled 
data independently. First, we split the data of the evaluated language in two. 
Then, the first half, together with the tweets from the other three languages 
(i.e., 3000 tweets from the other languages and 500 tweets from the 
evaluated language) was split into five training folds. Then, we trained the 
network five times, each time using four different training folds as training 
data. The other half (i.e., 500 tweets from the evaluated language) was used 
as test data. The full procedure (including splitting the data for the evaluated 
language in two) was repeated 10 times. 

3. In the third experiment to test the algorithm for languages for which no 
labeled data is available, we evaluated the neural network on one language, 
while training it using the other three languages. Essentially this mimicked 
the performance of including a completely new language in the network. 
The procedure of the experiment was similar to experiment 2. However, the 
training folds were in this case only composed of the tweets from the other 
languages, while the test fold was composed of all tweets from the evaluated 
language. 

3.3 Results and discussion 

3.3.1 Experiments 
Table 3.2 shows the results of experiment 1 (section 3.2.5). In all settings, precision, 
recall and the F1 scores were higher when using hydrological information, similar to 
other works that employed a multimodal neural network (Zadeh et al., 2017). 
Furthermore, when 𝑤𝑤𝑝𝑝 was low, precision was higher and vice versa (section 3.2.4). 
When 𝑤𝑤𝑝𝑝 was set to 0.5 (i.e., optimizing for high precision), the network precision 
and recall are sometimes 0.00 as no “relevant” labels are predicted, resulting in high 
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variance and low average precision (0.55) and F1-score (0.40). In contrast, with 
hydrological features, the network could effectively optimize in all runs and showed 
a higher precision (0.91) than in settings with higher  𝑤𝑤𝑝𝑝. We argue that this is the 
result of the network being unable to find the proper weights such that the 
probability of a tweet being “relevant” is sufficiently high based on textual features 
alone, whereas based on the combination of certain textual features and hydrological 
conditions it is. This high-precision setting can be useful for applications that benefit 
from high precision data, such as the creation of a database of actual flood events for 
calibration and validation of flood forecasting models. Conversely, the higher recall 
setting, which results in an increased number of false positives, could be beneficial 
to emergency organizations who would rather have some false alarms than no alarm 
at all. Since the precision and recall scores were balanced when 𝑤𝑤𝑝𝑝 was set to 2.0, 
this setting was used in experiment 2 and 3. 

Table 3.2 Precision, recall and F1-scores for varying positive weight (𝒘𝒘𝒑𝒑) comparing the use of 

contextual hydrological information versus no hydrological information (experiment 1). “Relevant %” 

denotes the percentage of tweets in the “relevant” (ongoing flood) class. 

POSITIVE WEIGHT 

(𝒘𝒘𝒑𝒑) 

% 

“RELEVANT” 

WITH HYDROLOGICAL 

INFORMATION 

WITHOUT HYDROLOGICAL 

INFORMATION 

  Precision Recall F1 Precision Recall F1 

 (favors precision) 0.5 58.5 0.92 0.67* 0.77* 0.55 0.32* 0.40* 

1.0 58.5 0.89* 0.77 0.82* 0.86* 0.73 0.79* 

2.0 58.5 0.86** 0.84 0.85** 0.83** 0.82 0.82** 

3.0 58.5 0.83* 0.88 0.85** 0.80* 0.86 0.83** 

 (favors recall) 5.0 58.5 0.80** 0.91 0.85** 0.77** 0.90 0.83** 

Notes: * denote a statistically significant difference of the means between the network with hydrological information 

and without hydrological information, tested using corrected paired Student’s t-test (* p < 0.05, ** p < 0.01). 

 

In addition, the performance of the algorithm for 𝑤𝑤𝑝𝑝=2.0 when hydrological features 
are used is shown per continent in Table 3.3. While there is some variance in 
performance between the continents, the difference is largely explained by the 
difference in performance between the languages (Table 3.4). For example, the F1-
score in Asia is relatively large as most of the analyzed tweets are Indonesian for 
which performance is also high. While the scores in Oceania and Africa are slightly 
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higher than expected, these scores cannot be relied upon due to the low support (i.e., 
the number of samples). 

Table 3.3 Precision, recall and F1-scores for all continent except Antarctica for a positive weight (wp) 
of 2.0. The last column shows the (rounded) percentage of tweets in each language for that continent. 

 PRECISION RECALL F1 SUPPORT EN/ES/FR/ID (%) 
Africa 0.90 0.86 0.88 107 17/4/79/1 

Asia 0.89 0.91 0.90 1134 11/0/1/87 

Europe 0.86 0.83 0.84 1176 14/25/61/0 

North 
America 

0.86 0.80 0.83 1350 60/36/13/1 

Oceania 0.86 1.00 0.92 14 79/14/7/0 

South 
America 

0.89 0.84 0.86 219 0/99/0/0 

 

In experiment 2 (Table 3.4), similar to the previous experiment, all evaluation scores 
were higher when hydrological features were used, meaning that for all languages the 
inclusion of hydrological features was beneficial. For both versions of the algorithm, 
the performance for languages for which the “relevant” class was larger (denoted in 
the “relevant %”-column) saw higher precision and recall. This can be expected as 
the performance of an algorithm that randomly assigns tweets to one of the two 
classes would also have a higher precision and recall for those languages. The 
languages for which performance was relatively low when using only textual data 
(e.g., English), the performance increase was larger when hydrological features were 
included as well. We argue that this is primarily because there is more possibility for 
improvement for these languages. 
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Table 3.4 Precision, recall and F1-scores for a particular language, comparing the use of contextual 

hydrological information versus no hydrological information (experiment 2). “Relevant %” denotes the 

percentage of tweets in the “relevant” (ongoing flood) class. 

POSITIVE WEIGHT 

(𝒘𝒘𝒑𝒑) 

% 

“RELEVANT” 

WITH HYDROLOGICAL 

INFORMATION 

WITHOUT HYDROLOGICAL 

INFORMATION 

  Precision Recall F1 Precision Recall F1 

English 43.71 0.79 0.71 0.75* 0.77 0.67 0.71* 

Spanish 62.41 0.87** 0.84 0.85** 0.83** 0.82 0.83** 

French 56.29 0.83* 0.81 0.82** 0.80* 0.76 0.78** 

Indonesian 71.59 0.88* 0.92 0.90* 0.85* 0.92 0.89* 

Notes: * denote a statistically significant difference of the means between the network with hydrological information 

and without hydrological information, tested using corrected paired Student’s t-test (* p < 0.05, ** p < 0.01). 

 

In experiment 3 (Table 3.5), as expected, the precision, recall and F1-scores were 
lower when the training data for the language itself was left out (compare Table 3.4 
and Table 3.5). Nevertheless, the network optimized relatively well (F1-scores > 
0.66), indicating that use of the classification algorithm is beneficial, even for unseen 
languages. Similar to experiment 2, languages with a larger “relevant” class optimized 
better. The average difference between the F1-scores when using hydrological 
features and those when using no hydrological features was 0.05, higher than the 
0.03 difference attained in experiment 2. We argue that this is caused by a relatively 
large degradation of the performance of the textual subnet when transferred to an 
unseen language (Lorini et al., 2019), while the hydrological subnet becomes 
relatively more important when transferred to another language or region. However, 
we also note that the performance of the hydrological subnet likely varies slightly 
due to varying hydrological characteristics across regions. This indicates that 
employing hydrological context improves the ability of the classification algorithm 
to be applied to unseen languages. However, we note that only Latin languages are 
analyzed in this experiment. While MUSE can be used to align word embeddings 
for non-Latin languages (Conneau et al., 2017), the quality is lower for unrelated 
languages (Doval et al., 2019) and thus performance of the classification for unseen 
and unrelated languages is expected to be lower as well. 
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Table 3.5 Precision, recall and F1-scores for a particular language, leaving it out of the training set, 

comparing the use of contextual hydrological information versus no hydrological information 

(experiment 3). “Relevant %” denotes the percentage of tweets in the “relevant” (ongoing flood) class. 

POSITIVE 

WEIGHT (𝒘𝒘𝒑𝒑) 

% 

“RELEVANT” 

WITH HYDROLOGICAL 

INFORMATION 

WITHOUT HYDROLOGICAL 

INFORMATION 

  Precision Recall F1 Precision Recall F1 

English 43.7 0.66* 0.75 0.70** 0.62* 0.71 0.66** 

Spanish 62.4 0.85** 0.79 0.82** 0.80** 0.76 0.78** 

French 56.3 0.79* 0.76* 0.77** 0.76* 0.69* 0.72** 

Indonesian 58.5 71.6 0.84 0.88** 0.86** 0.83 0.80** 

Notes: * denote a statistically significant difference of the means between the network with hydrological information 

and without hydrological information, tested using corrected paired Student’s t-test (* p < 0.05, ** p < 0.01). 

 

While the improvement with hydrological features were relatively modest (~3.5% 
for  𝑤𝑤𝑝𝑝 = 2.0), all experiments showed that contextual hydrological information can 
significantly improve the results of the classification process. Some other multimodal 
approaches obtained larger improvements. For example, a study by Poria et al. 
(2016) obtained a ~15% improvement in F1-score (over the best performing single 
modality) on multimodal sentiment analysis of YouTube videos. While comparison 
between different topics is incongruous, several improvements could be made to our 
approach. For example, while TAGGS has a precision of 0.92, this still means some 
locations are incorrectly assigned, and thus rainfall statistics for these tweets are also 
incorrect reducing the overall quality of the hydrological features. In addition, large 
settlements such as Houston often encompass multiple sub-basins and 
improvements could be made if all basins intersecting a settlement are considered. 
Unfortunately, the GeoNames database only provides centroids for cities, but 
alternative datasets such as OpenStreetMap 11 do include settlement boundaries for 
some cities. Localization could be further improved by deducing more detailed 
localization for tweets that include such information (e.g., “flooding at the cross 
section of 2nd Avenue and 26st Street”), enabling more detailed assessment of 
hydrological features. Moreover, GSMaP, the dataset used to derive hydrological 

 

11 www.openstreetmap.org 
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features, has a relatively coarse resolution (0.1° × 0.1°: ~123 km2 at the equator) 
relative to the average basin size (~268 km2). Moreover, while the dataset generally 
performs well, rainfall is sometimes under- or overestimated (Kubota et al., 2007). 
In addition, the dataset used here is only available with a 4-hour delay. For actual 
application in real-time, GSMaP nowcast can be used. To improve the quality of the 
hydrological input data, rainfall radar with a higher resolution (especially for flash 
floods) or an improved simulation of hydrological processes (e.g., runoff, snowmelt 
and evaporation) can be used. Finally, the inclusion of other variables such as soil 
moisture and the height of storm surges could further improve the performance. 

3.3.2 Analysis and application 
Figure 3.5 shows all “keyword-filtered” (section 3.2.1) tweets and the subset of 
“relevant” tweets filtered by the neural network (i.e., tweets related to an ongoing 
flood event) when using hydrological features (3.5a) and when not using 
hydrological features (3.5b) in a selected timeframe (September 16, 2017 – 
November 23, 2017) for hydrological sub-basin 7090073060, where the city of San 
Juan, Puerto Rico is located. The tweets were filtered using a prediction using mean 
values of the output logits of all 50 neural networks trained in experiment 1 with a 
positive weight of 2.00. While we note that this is merely an example of the 
application algorithm, some lessons can be drawn from the figure as discussed below. 
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Figure 3.5 Timelines of all collected (keyword-filtered) tweets, filtered tweets, local and upstream 

rainfall for sub-basin 7090073060 where San Juan, Puerto Rico is situated. Panel a shows the filtering 

algorithm with hydrological features, while panel b shows the algorithm without features. Note that 

the “relevant” tweets are a subset of all “keyword-filtered” tweets. 

The first inset shows details of tweets around the time of Hurricane Maria. The first 
minor peak on September 18 is related to a pipe burst. When using hydrological 
features, all tweets are discarded, likely because of the absence of (upstream) rainfall. 
In contrast, only some tweets are discarded when hydrological features are not used. 
In the manually labeled set, these tweets would be labeled as “relevant”, and thus the 
algorithm without hydrological features performs correctly. However, for some 
applications, such as the validation and calibration of flood risk and forecasting 
models, only natural events (i.e., events with a natural component) are likely 
considered. Thus, these tweets could arguably be labeled as “irrelevant” for such 
applications. Unfortunately, manually differentiating between entirely man-made 
events and natural events is sometimes difficult based on a tweet alone. The large 
peak in the inset shows the tweets during hurricane Maria (20-21 September), when 
a larger number of tweets is correctly classified as flood-related when using the 
hydrological features, enabling a faster or more efficient response. 
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The bars at September 29 and 30, just over a week after Hurricane Maria, are 
composed of a mix of tweets about a flood at another location (San Juan, Mexico 
City) and a cancelled flood warning. Here, the algorithm that does use hydrological 
features performs slightly better as the tweets on September 29 are correctly labelled 
as “irrelevant”. However, on September 30, some tweets are still incorrectly labelled 
as “relevant”, likely due to the rainfall on that day. While there were some tweets 
about a flood warning, there was, to our knowledge, no actual flooding. Moreover, 
some tweets were posted mentioning Hurricane Maria earlier that month. 
Subsequently, during the flash floods around October 10 and November 8 and 9, a 
slightly larger number of tweets is correctly classified as “relevant”, enabling a more 
efficient response.  

The second inset on the right, shows a cleanup operation, primarily removing 
garbage from drainage channels, in response to the flash flood that started November 
8th. During the cleanup no flood event was ongoing and thus the neural network 
that uses hydrological features performs better as a larger number of tweets is 
classified as “irrelevant”. The final peak of “relevant” tweets on November 17 is 
another smaller flood event, which is better classified when hydrological features are 
used. 

3.4 Conclusion 
This chapter shows that including contextual hydrological information can 
significantly improve the classification process of tweets related to ongoing flooding. 
Moreover, the hydrological information increases the performance of the neural 
network when applied to languages not available in the training data, reducing the 
need for manually labeled tweets for a new language. Besides a general significant 
improvement of performance in all experiments, hydrological information allows for 
the optimization in high-precision scenarios (> 0.90; e.g., to create a database with 
little false alarms). 

The neural networks can be used to improve classification of tweets, helping to 
rapidly and effectively respond to disasters (Jongman et al., 2015a; Verma et al., 
2011). Moreover, such tweets can help to find flood events, either through manual 
inspection by humans assisted by the classification algorithm or through an event 
detection algorithm (e.g., Arthur et al., 2018; de Bruijn et al., 2019). 
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Improvements could be made to our approach by including more hydrological 
variables, better simulation of hydrological processes (e.g., runoff, snowmelt and 
evaporation), higher resolution datasets (e.g., real-time radar datasets), introducing 
more advanced neural networks, and improvements to the geoparsing process. 

Finally, we suggest that geographical contextual information could also be used to 
for classification for other disaster types, such as droughts by employing a much 
longer time series of the hydrological parameters while focusing on the absence rather 
than presence of rain. 
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