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A B S T R A C T

Data mining applications have the potential to address current deficiencies in the provision of hu-
manitarian aid in natural disasters. Simultaneous text and image analysis in crowd-sourced data
can improve the quality of humanitarian aid information. Specifically,we select Bidirectional En-
coder Representations from Transformers (BERT) and its descendant ALBERT as pre-trained deep
networks for the text modality, while we choose ConvNeXt, RegNet, and Faster RCNN for the im-
age modality. The developed framework demonstrates its application in classifying humanitarian
aid through three key aspects. Firstly, it illustrates the effective performance of ConvNeXt and
BERT in the classification of humanitarian aid. Secondly, it investigates the efficiency of genera-
tive adversarial networks (GAN) in generating synthetic images for imbalanced input datasets.
This approach improves the accuracy, precision, recall, and F1-score of the framework when ap-
plied to unseen test data. Finally, the study highlights the potential use of SHapley Additive ex-
Planations (SHAP) for interpreting the behaviour of the developed framework, supporting the
timely classification of humanitarian aid information from crowd-sourced data after natural dis-
asters.

1. Introduction
Early provision of humanitarian aid after a natural disaster (i.e., the golden window) plays an important role in reducing the num-

ber of casualties and fatalities [1]. Crowd-sourced data can provide valuable information for efficient and timely humanitarian aid
[2,3]. In the first hours after a disaster occurs, information about casualties and missing people, needs, and availabilities are often
posted on social media [4]. However, it is not easy to analyse crowd-sourced data due to the complexity of the humanitarian aid data
obtained from social media [5]. Considering the overload of post-disaster information, classifying informative feeds based on their
content and transferring them to suitable emergency responders are essential tasks [6,7]. Accurate classifications of humanitarian aid
information in social media feeds are critical for immediate actions and saving lives [8].

Machine learning (ML) methods have shown promising performance in analysing crowd-sourced feeds [9]. Among various ma-
chine learning methods used by previous studies for such a purpose, deep learning (DL)methods have been strongly recommended by
recent studies due to their superior performance in comparison with traditional ML models [10,11]. Crowd-sourced feeds from social
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media mainly consist of images and text, and both text and image feeds are important in providing more insightful humanitarian aid
information. Consequently, a multi-modal analysis to process and classify both text and image extractions is highly desirable [12]. In
addition, social media feeds generally contain imbalanced sources of data [13], which poses a challenge to DL-based classifiers
[14,15]. The performance of a DL-based classifier is densely related to data quality and patterns, and imbalanced datasets can reduce
the accuracy of the classifiers [16,17]. Furthermore, the complexity of DL models introduces challenges to interpreting models and
understanding their behaviour. Due to the significance of the humanitarian aid issue, using black-box models is not rational [18].
Therefore, the current study aims to develop a framework to perform an interpretable multi-modal analysis of social media and solve
the imbalanced dataset problem. To achieve the research aim, answers to the following questions need to be sought.
RQ1. Which DL architectures can analyse crowd-sourced data related to natural disasters in remote regions?

Shallow Natural Language Processing (NLP) networks, including Word2Vec [12] and FastText [19] in combination with very
Deep Convolutional Networks (VGGNet) [20], and deep RESidual NETworks (ResNet) [21] have been employed in multimodality
studies. However, few studies have evaluated the performance of recent NLP and image-processing models. To provide an insightful
response to this question, the classification performance of two recent NLP models and two up-to-date image processing models are
evaluated. Bidirectional Encoder Representations from Transformers (BERT) [22] and one of its decedents i.e. A Lite BERT (ALBERT)
[23], as two NLP models, and RegNetY320 [24] and ConvNeXt [25], as two image processing models, are employed in this study. By
using these models and their combinations, we develop four multi-modal models and compare their performances using an unseen
test dataset. The selection of the mentioned algorithms is related to their outstanding performance, especially for social media content
based on past studies [11,26,27].
RQ2. What is a possible solution for solving the imbalance dataset issue in crowd-sourced data?

To address the issue of the imbalance dataset, generative adversarial networks (GAN)which have the capability of generating syn-
thetic images are considered. This technique can generate new data by using the available data to enrich classes with lower data
records. The usefulness of GAN for imbalanced social media datasets has been investigated in past studies [28,29]. However, the GAN
impact on multimodality research has not been explored. In this study, the impact of using GAN synthetic images in the model train-
ing process is studied by evaluating the models against an unseen test dataset. The imbalanced input dataset of social media content
for humanitarian aid studies is related to the fact that sharing images of affected people after disaster is restricted by rules.
RQ3. How can we interpret the behaviour of complex deep learning networks in analysing crowd-sourced data?

Providing humanitarian aid in a post-disaster situation can preserve lives. All ML models that are employed for this critical issue
should be properly interpreted before applications [18]. According to the black-box nature of ML models, the relationship between in-
puts and outputs could be discovered using an interpretation tool [30,31]. The interpretation of ML models on social media feeds and
the interpretation of DL networks for images have been limited in past studies. Shapley Additive explanation (SHAP) is employed to
answer the third research question. SHAP helps humanitarian organisations interpret the multi-modal models and explain data pat-
terns and behaviours.

The main contributions of this paper can be summarized into three parts. First, methodological contributions that are related to
developing state-of-the-art and accurate models. Second, theoretical contributions are associated with proposing synthetic data
records to solve the imbalance issue of humanitarian aid datasets. Third, practical contributions that are connected with the interpre-
tation of black box models. The paper is structured as follows. Section 2 is devoted to the relevant humanitarian aid research studies
on single modality (text or image) and multi-modal analysis of crowd-sourced data. The methodology and materials of this research
study are outlined in Section 3. The analysis and results are provided in Section 4. Research discussions are presented in Section 5. Fi-
nally, the conclusions, research limitations, and opportunities for future studies are provided in Section 6.

2. Background
Social media posts have been widely used to provide rapid situational awareness in disasters due to their real-time and human-

centred nature [32]. People could offer or request humanitarian aid through social media platforms [33]. Although social media feeds
provide rich datasets for research, the feeds frequently contain irrelevant content [34]. ML approaches appear to be powerful meth-
ods for extracting humanitarian aspects of crowd-sourced data during emergencies to alleviate disaster-affected people [35]. Previous
humanitarian aid research on analysing crowd-sourced data by ML can be divided into three categories of text, image, and both com-
bined based on their inputs. The following subsections provide background information on each mentioned category. The subsections
provide information about the necessity of ML applications for crowd-sourced data, the important characteristics of crowd-sourced
data as input to data-driven modelling, and ML advancements for providing humanitarian aid after natural disasters.

2.1. Textual modality
NLP approaches to extract humanitarian aid information from crowd-sourced data can be designated as the first category. One of

the main recent trends is to classify information by NLP systems, as can be seen in the literature map shown in Fig. 1 (a). Furthermore,
Fig. 1 (a) demonstrates that online social networking can provide valuable inputs for NLP systems. It is worth noting that Fig. 1 is an
un-directional network. The keyword networks of natural language processing (for text modality analysis), image processing (for im-
age modality analysis), and multi-modal analysis (analysis of text and image simultaneously are depicted in Fig. 1 a, b, and c, respec-
tively. Table 1 gives a few recent NLP studies on information classification in a post-disaster situation. A few past studies have devel-
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Fig. 1. Literature and research links between social media and disasters for a) natural language processing b) image processing c) multi-modal analysis.

oped ML models to detect a single dimension of information, including urgent tweets during Hurricane Harvey 2017 [36], relevant
news from Times of India, NDTV India, and Indian Express [37], sentiment (positive or negative) of disaster tweets created by Figure
Eight inc. (an Appen company) [38], casual sentences in newsletters during Great Hanshin-Awaji earthquake 1995 and great east
Japan earthquake 2011 [39], and disaster-related tweets of Kaggle competition dataset [40] (see Table 1).

Another research stream is to extract more dimensions of humanitarian aid information from the input dataset. For instance, one
of the past studies [18] classified the information dimensions into needs, availability, and other tweet classes. It has been found that
multilayer perceptron models with pre-trained Word2Vec embedding have 83% classification accuracy on the test dataset [18]. An-
other study [41] analysed a Twitter dataset of Hurricane Harvey 2017 with annotations by topic modelling to multiple classes, includ-
ing “help, donation, and recovery”, “sympathy”, “appreciation and support”, “Hurricane track and warnings”, “Damage and injuries”,
and “other useful information”. “Built-environment hazards”, “Business, work, school”, “Casualty”, “Flood control infrastructure”,
“Help and rescue”, “Housing”, “Preventive measures”, “Preventive measures”, “Transportation”, and “Utilities and supplies” were
used as the content labels for Hurricane Harvey provided by SocialDISC [42]. These classes were utilised to develop a BiLSTM model
to predict the class of tweets by Ref. [43]. Results of this study showed that 64% of tweet contents mentioned the point type or area
type location.

Paul et al. [44] employed “Donation and volunteering”, “Immediate needs”, “Damage to infrastructure”, “Decreased or wounded
people”, and “Unrelated or irrelevant” classes to develop CNN models based on four datasets of the Nepal earthquake 2015, Cyclone
PAM 2015, California Earthquake 2014, and Typhoon Hagupit 2014 (based on CrisisNLP dataset). They demonstrated that CNN-
SkipCNN (adding a few CNN layers on the top of the base CNN) has a better performance than the traditional CNN model. A victim-
finder model was established to detect tweets that include “help”, “full address”, “victim info”, and “hazard situation” using several
BERT models [22] and their modified versions [11]. Experimental results illustrated that BERT-based models can classify tweets bet-
ter than other NLP models with limited input datasets [22].

In conclusion, according to the improvement in computational power and volume of input dataset in recent years [45] and im-
provement in performance accuracy of DL models relative to past ML models [46], the recent trend of studies is to serve DL models,
especially BERT based on Table 1. In addition to the accuracy of classifying tweets, attention to interpretable ML models has been in-
creasing in recent years [47]. For instance, interpretation tools, including Local Interpretable Model-Agnostic Explanation (LIME)
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Table 1
Prior works on multi-modality analysis for social media posts.

N Section 1: Textual modality

Input dataset Dataset volume Text models

1 Manually labelled disaster tweets during the 2017
Hurricane Harvey

3191 Glove-Transformers; ELMNO-Transformers; BERT; RoBERTa; DistillBERT;
ALBERT; XLNet; BERT-LSTM; BERT-CNN

2 4 datasets based on the CrisisNLP dataset 28,647 Base CNN; CNN-GRU; CNN_SkipCNN
3 Tweets during Hurricane Harvey 2017. Content labels by

SocialDISC
4227 BiLSTM

4 Harvard tweet dataset for hurricane Harvey 2017 -
annotations by topic modelling

18,331,877 Random Forest

5 Train: Earthquakes tweet dataset; Test: manually
annotated COVID-19 tweets

122,743 + 2274 LR; CNN; MLP

6 Kaggle competition dataset (labels are manually
annotated by humans)

10,876 Trees; Random Forest; LR; Skip-gram; FastText; GloVe; Skip-gram + Bi-
LSTM; FastText + Bi-LSTM; GloVe + Bi-LSTM; BERT; BERT + Bi-LSTM

7 Manually annotated sentences from newsletters during
two earthquakes

4059 SVM

8 A twitter dataset of Figure Eight inc. 10,876 SentiBERT; BiLSTM; CNN
9 Labelled (relevant news or not) news from Indian news About 11,000 Multinomial Naïve; Bayes algorithm; Logistic regression; SVM; Random

Forest; Xtereme Gradient Boosting Model
10 Manually labelled tweets during Hurricane Harvey 2017 2,072,715 CNN; SVM; MLP; AdaBoost; Logistic Regression; Naïve Bayes; Decision Tree;

Ridge Classifier
N Section 2: Image modality

Input dataset Dataset volume Image models
11 Manually labelled images from Google, Twitter and BGS's

image database
11,737 ResNet-50

12 Two open-fire image datasets 1650 4 ResNets (ResNet18, 50, 101, and InceptionResNetV2)- SVM
13 Binary annotated images from three hurricanes in 2017 7387 + 3683 VggNet; ResNet; AlexNet- SVM
N Section 3: Multi-modality

Input dataset Dataset volume Image models Text models
14 CrisisMMD 12,708

(img) + 11,400
(txt)

VGG16; VGG19; ResNet50; DenseNet121;
RegNetY320

DistilBERT

15 Annotated multi-labelled humanitarian tweets based on
text and images (Sources: CrisisLexT26 and Datasets from
Crises)

4383 DenseNet feature extraction; Faster RCNN Object
detection

BERT

16 Extracted Henan torrential rain dataset in 2021 2219 (img) + 25,
880 (txt)

VGG16 BERT

18 CrisisMMD 18,126
(img) + 16,097
(txt)

VGG16 Bi-LSTM

17 CrisisMMD 18,126 VGG16; DenseNet-201 BERT
19 Annotated Twitter messenger content after Hurricane

Irma 2017
6898 (image)+
19,088(txt)

VGGNet; ResNet; Inception-V3; Tuned Inception-V3 Word2Vec

20 CrisisMMD 12,743(image)+
11,404(txt)

VGG16 FastText

21 YFCC100 M, CrisisMMD, and tweets after Hurricane
Harvey 2017 and Hurricane Irma 2017. The dataset is
annotated manually.

1795 + 1555 ResNet-18 +LR; ResNet-18+decision tree; ResNet-
18 +SVM with linear kernel

keyword search

22 CrisisMMD 8079 (img) +7216
(txt)

VGG16 word2vec + CNN

[18] and SHAP [48], are employed to make ML models on text data more interpretable. Results of the mentioned studies showed that
interpretable ML models are capable of providing appreciated feedback such as determining the most influential words and finding
the models’ shortcomings.

2.2. Image modality
The second category of DL models is related to image classification to detect disasters based on social networking (as demon-

strated in Fig. 1 (b)). Since DL models contain a lot of weights that should be determined in the training process, adequate training
samples should be provided to train DL-based models. In addition, data collection and labelling are both costly and time-consuming
[45]. To respond to these issues, pre-trained weights based on large image datasets such as ImageNet [49] are used to initialise such
models [50]. For instance, pre-trained DL models were used to predict passable roads using social media and satellite images of Hurri-
cane Harvey, Hurricane Maria, and Hurricane Irma in 2017 [51]. In addition, a labelled dataset containing 1650 images was utilised
to develop four pre-trained ResNets [52] based on the ImageNet model for feature extraction and Support vector machine (SVM) for
binary classification of forest fires (fire and non-fire) [53]. In another study, 11,737 labelled images were employed to develop
ResNet-50 for the binary classification of landslides [54].
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2.3. Multimodality
The third category, named multi-modal analysis, can consider both text and image feed to provide insightful humanitarian aid in-

formation with higher levels of classification accuracy. Most past humanitarian aid studies focused on the first category and very few
focused on the third category line of research. As demonstrated in Fig. 1,mainstream multi-modal research studies currently use deep
learning techniques to analyse social media feeds. The third section of Table 1 provides information about previous studies that fo-
cused on the multi-modal analysis of social media feeds. Due to powerful computers and more labelled social media posts, Table 1
shows that DL models have become more popular in recent years for both text and image modalities. ImageNet pre-trained networks
including ResNet, VGG, Inception, DenseNet, and RegNet were often adopted for multi-modal analysis. BERT and its modifications
were also used in the most recent multi-modality studies.

CrisisMMD [4] is one the well-known input datasets for multi-modal analysis, which consists of three steps in labelling. The first
step is to find out if tweets contain informative data or not. The second step shows the humanitarian information such as “Affected in-
dividuals”, “Infrastructure and utility damage”, “Injured or dead people”, “Missing or found people”, “Rescue, volunteering, or dona-
tion effort”, “Vehicle damage”, “Other relevant information”, and “Not relevant or can't judge”. The first two steps are labelled for
text and image separately. The third step is related to image modality, only determining the severity of infrastructure and utility dam-
ages. To capture all information in a pair of text and images, they should be annotated simultaneously. Concurrent labelling enables
humanitarian organisations to consider the relationship between texts and images. According to the simultaneous annotation, a
dataset of 4383 text image pairs data has been annotated simultaneously to find more humanitarian aid information by means of
multi-modal analysis [5].

2.4. Problem statement
Earlier research on humanitarian aid has explored the use of artificial intelligence algorithms to extract insights from social media

posts. These studies primarily focused on three types of input datasets: text, image, and multi-modal (combining text and image), as
shown in Table 1. Presently, humanitarian aid models are centred around the multi-modal domain, offering increased value to hu-
manitarian organisations. However, past multi-modal frameworks exhibited shortcomings in key aspects of multimodal analysis,
namely input (including imbalanced datasets),model development (utilizing more accurate state-of-the-art models in contrast to ear-
lier iterations), and the interpretation of model outputs. To address these issues, synthetic data generated through GANs are inte-
grated to counter dataset imbalances. For the model component, advanced deep learning models like RegNetY320, ConvNeXts, BERT,
and ALBERT are employed. Regarding the output, dedicated efforts are made to enhance transparency and comprehension by inter-
preting the results of multi-modal models.

3. Method
To answer the research questions and provide more accurate information for humanitarian aid after disasters through social media

multi-modal, the DL approach is employed in this study. As demonstrated in Fig. 2, the developed framework based on multi-modal
DL to analyse social media content has three main research steps, as illustrated in the following diagram and explained in the follow-
ing sub-sections.

3.1. Input data collection
The first step in analysing a multi-modal model capability to provide humanitarian aid based on social media content is to prepare

the datasets. The humanitarian aid datasets were annotated in Ref. [5], considering text and image contents, and are used in this
study. Each pair of text and image content of a tweet was annotated based on the type of humanitarian aid, including “Caution and
advice (CA)”, “Needs and offers (NO)”, “Infrastructure and utility damage (IU)”, “Affected individuals (AF)”, “Response (RE)”, “other
humanitarian (OH)”, and “Not humanitarian (NH)”. Each tweet may have one or more than one humanitarian aid class that can be a
source of information for humanitarian organisations after disasters. The dataset is available at: https://github.com/whuscity/
multimodal-dataset-for-humanitarian-information-identification.

Fig. 3 shows the ratio of data records, with ‘detected content’ to ‘not-detected’, for each humanitarian category. If the mentioned
ratio equals 0.5, it means that both detected and not-detected classes have the same number of data records. For most of the cate-
gories (except Infrastructure and Utility Damage (IU) and Response (RE)), this value is less than 0.25 which means that the number
of data records in the detected class is severely less than the number of data records in the not-detected class. To address the imbal-
ance issue of the input datasets illustrated in Fig. 3, GAN is used in this study in which new data are generated to serve the available
data and to enrich classes with lower data records [55]. According to the fact that limitation on sharing images of the affected indi-
viduals is one of the main reasons for the imbalance datasets of humanitarian aid. This study only generated synthetic images to
solve the mentioned issue. This synthetic data producer technique comprises a generator and a discriminator, which work against
each other. New data instances are created by the generator, while the discriminator verifies the data and determines whether each
instance of data is "real" from the training dataset or "fake" from the generator. The generator and discriminator are trained to work
against each other until the generator can generate realistic synthetic data that the discriminator cannot classify as fake.

3.2. Multi-modal models
Pre-processing for tweet text and image is required before the multi-modal analysis is performed by DL models. Tweet text pre-

processing contains unpacking contractions, converting to lowercase, and inserting space between words and punctuation marks. In
addition, removing hashtag symbols (hashtag text remains), HTML character entities, text tickers, hyperlinks, whitespace, URL, RT,

https://github.com/whuscity/multimodal-dataset-for-humanitarian-information-identification
https://github.com/whuscity/multimodal-dataset-for-humanitarian-information-identification
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Fig. 2. The developed framework.

Fig. 3. Imbalanced dataset of humanitarian information in social media feeds.

mention (@), words with two or fewer letters, symbols (&, < and >), misspelling words, punctuation, emoji, Basic Multilingual
Plane (BMP) character, stop words are done in the text pre-processing. For tweet images, image augmentation is done to increase the
number of training images by moving the image along the X or Y direction (or both), rotating an image about a horizontal or vertical
axis, and changing the lightness and darkness of images.

Before extracting global features from a pair of text and image, Optical Character Recognition (OCR) and object detection algo-
rithms are employed to analyse the tweet image. OCR is utilised in this study to analyse tweet images and extract text from them [56].
OCR and object detection are two common approaches that researchers use to analyse social media content [57]. In addition, object
detection is employed to detect objects in an image, and determine the position of the detected objects [58]. A Faster-RCNN model
[59] is selected for object detection in this framework. ImageNet pre-trained Faster-RCNN Inception Resnet V2 [60] that is based on
Resnet and Inception Resnet feature extractors is conducted in this study.
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For global feature extraction, the original BERT [22] and its modified versions (ALBERT) [23] are selected for textual modality.
BERT and ALBERT are chosen based on their outstanding performance on social media feeds to provide aid information after natural
disasters [11]. For image modality, two recent ImageNet pre-trained deep CNNs (RegNetY320 [24] and ConvNeXts [25]) are consid-
ered. RegNetY320 is a simple and fast network that is employed due to its acceptable performance for CrisisMMD in classifying hu-
manitarian aid information.Moreover, ConvNeXts are built from standard ConvNet modules and have better performance in a variety
of image applications [26]. TensorFlow Hub is used to develop BERT and ALBERT, while the Keras application programming inter-
face is employed for RegNetY320 and ConvNeXts.

The early fusion strategy integrates the extracted multi-modality features. Early fusion provides more flexibility for multimodality
analysis [61] and demonstrates better performance than late fusion for emotion classification [62]. According to the suggestion of
past studies [63], the cross-attention mechanism is performed after fusion to concentrate on the important part of the social media
feeds. Cross-attention is a novel module to determine the target object regions and improve the discrimination of the extracted feature
[64]. Due to the imbalanced datasets, focal loss [65] is utilised as the loss function in the developed framework. Focal loss is a variant
of the binary cross-entropy loss, and it is employed in this study. Focal loss is a powerful solution to improve the performance of clas-
sifiers for imbalanced datasets [66,67]. The equation of focal loss is mentioned below [65,68]:

FL
(
pt

)
= −𝛼t

(
1 − pt

)𝛾
log

(
pt

) (1)

where γ is the focusing parameter on the imbalance class; if γ = 0 focal loss will be similar to cross-entropy; αt is the balancing ratio;
pt can be evaluated based on the following equation:

pt =

{
−p, y = 1

1 − p, otherwise,
(2)

where y is the ground-truth class (one class of humanitarian aid information); p is the deep learning model estimated probability.
Python and relevant packages are employed for generating and verifying all models. The parameter settings of the developed frame-
work based on trial and error are mentioned in Table 2. To clarify the process, the following trial and error is designed for efficient
tuning of the developed framework and the results are demonstrated in Fig. 4. In Fig. 4 (parallel coordinates plot), the concept ex-
plored involves assessing the performance of a developed framework under different conditions. This assessment involves experi-
menting with various configurations, such as different batch sizes (16 and 32), diverse dropout rates (0.2, 0.25, and 0.3), and two op-
timizer algorithms: Stochastic Gradient Descent (SGD) and Adaptive Moment Estimation (Adam). A total of 12 experiments are con-
ducted, with results visualized through red lines indicating higher accuracy and blue lines indicating lower accuracy. Upon compar-

Table 2
Parameter settings of the developed framework.

Parameter Setting

Input image size 224 × 224 pixels
Dropout rate 0.25
Activation function ReLU, Sigmoid
Batch size 32
Learning rate 0.00002
Optimizer Adam
Loss function Binary Focal Loss (gamma = 2)
Number of hidden layers after fusion 2
Number of neurons in each hidden layer after fusion 256, 64
Number of GAN synthetic images for each run 25

Fig. 4. Setting of the hyper-parameters of deep learning models.
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ing the outcomes of these experiments, specific values emerge as optimal choices. Specifically, a batch size of 32, a dropout rate of
0.25, and the Adam optimizer yield the best performance. The model's accuracy for the chosen hyperparameters on the validation
dataset is 77.27%. In essence, this analysis explores the impact of various parameters on the accuracy of the developed framework,
considering different batch sizes, dropout rates, and optimizer algorithms.

3.3. Performance evaluation and interpretation
Accuracy, precision, recall, and F1-score are employed to evaluate the performance of the classifier models in this study. Eqs. (3)–

(6) show how to calculate accuracy, precision, recall and F1-score, respectively.

Accuracy =
True positive + True negative

True positive + True negative + False positive + Flase negative
(3)

Precision =
True positive

True positive + Flase positive
(4)

Recall =
True positive

True positive + Flase negative
(5)

F1 − score =
2 ∗ Precision ∗ Recall

Precision + Recall
(6)

True positive (ground truth and predicted = 1) and true negative (ground truth and predicted = 0) are correct classifications of hu-
manitarian aid information. A false positive (ground truth = 1; and predicted = 0) and false negative (ground truth = 0; and pre-
dicted = 1) mean that the ML model fails to accurately predict the class.

In this study, SHAP with its Python library [69] was selected and implemented to understand the behaviour of the developed
framework in classifying humanitarian aid social feed. Shapely values can demonstrate the contribution of each word in classification
and detect the importance of humanitarian aid information. The selection of SHAP for interpretation of the deep learning for humani-
tarian aid models in this study is related to three key attributes of the SHAP. First, SHAP analysis considers the interdependencies
among variables to quantify the weight of each feature in the ML model [70]. Second, SHAP is able to fairly distribute the importance
of each feature that can be important for humanitarian aid activities [71]. Third, SHAP is the most comprehensive method for ex-
plaining machine learning models, and it can be used for different types of the data such as text and images [72]. It is worth noting
that each modality is interpreted separately using shapely values.

4. Experimental results
The collected dataset was classified by using the developed framework, as demonstrated in Fig. 2. The objective of the framework

is to classify pairs of text and images correctly into their respective classes. Accurate classification will provide a piece of valuable hu-
manitarian aid information for humanitarian organisations to take action after natural disasters. In the training phase of all networks,
the collected dataset was randomly divided into the training, validation, and testing datasets in a 0.85:0.05:0.1 ratio in a stratified
fashion. The comparison among developed models is done using unseen test datasets. Experiments are performed with an Intel Core
i7-11700 @ 2.5 GHz, 32 GB and NVIDIA Quadro P620. The experimental results can be divided into three categories, as presented be-
low.

4.1. Model performance comparison
Evaluation metrics of the developed framework based on various text (BERT and ALBERT) and image (RegNets and ConvNeXts)

feature extractions are presented in Table 3. The “WA” is a weighted average of performance metrics of all categories. Comparing the
first two models in Tables 3 and it is found that the F1 scores of the first row (BERT + RegNetY320) are higher than those in the sec-
ond row (ALBERT + RegNetY320). The F1 scores for the two first models from the AF category are the same. In addition, the
weighted average of all performance metrics of the first model is higher than that of the second one. Since the difference in the first
two models is related to the text feature extraction model, it is found that the performance of text feature extraction of the first model
(BERT) is better than the second model (ALBERT). Similar results can also be seen from the comparison of the last two models in
Table 3. The F1 scores of the BERT feature extraction model are higher than those of the ALBERT model for four categories. For two
categories including NO and AF, the F1-scores of ALBERT are higher than those of BERT. For the NH (Not humanitarian) category, the
F1 scores of the two last models are the same. Weighted averages of all performance metrics of the BERT model (third model) are
higher than that of the ALBERT (fourth model).

To compare the performance of image feature extraction models (RegNet and ConvNeXt), the first and third models should be
compared with each other. For all seven categories, the performance of the third model (ConvNeXt) is better than the first model
(RegNet). Furthermore, the comparison between the second and fourth models also proves the above-mentioned statement. Based on
the outstanding performance of BERT and ConvNeXt in comparison with ALBERT and RegNet respectively, the performance of the
third model (i.e., BERT + ConvNeXtXLarge) is better than the other models in Table 3. The accuracy, precision, recall, and F1-score
of this model range from 0.816 to 0.923, 0.773 to 0.927, 0.814 to 0.922, and 0.749 to 0.920, respectively. On the other hand, the sec-
ond model in Table 3 (ALBERT and RegNet) has the lowest classifying performance in comparison with other models. For instance,
the F1-score for detecting IU (Infrastructure and Utility damage) category is 0.656 which is the lowest score in Table 3. Training time
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Table 3
Comparison among the prediction performance of four feature extraction models based on the test dataset for each category and the weighted average (WA).

CA NO IU AF RE OH NH WA Time (s)

1 BERT + RegNetY320 2418
• Accuracy 0.893 0.904 0.811 0.836 0.813 0.940 0.813 0.841
• Precision 0.880 0.881 0.803 0.702 0.810 0.944 0.760 0.811
• Recall 0.891 0.902 0.811 0.836 0.811 0.939 0.813 0.840
• F1-score 0.884 0.874 0.804 0.761 0.785 0.915 0.745 0.810

2 ALBERT + RegNetY320 1588
• Accuracy 0.852 0.895 0.729 0.836 0.772 0.934 0.813 0.803
• Precision 0.839 0.835 0.733 0.702 0.749 0.869 0.752 0.766
• Recall 0.852 0.893 0.730 0.836 0.770 0.934 0.815 0.803
• F1-score 0.810 0.850 0.656 0.761 0.739 0.906 0.736 0.746

3 BERT + ConvNeXtXLarge 6850
• Accuracy 0.923 0.911 0.868 0.829 0.827 0.934 0.816 0.863
• Precision 0.927 0.897 0.869 0.781 0.819 0.911 0.773 0.848
• Recall 0.922 0.907 0.865 0.831 0.825 0.931 0.814 0.861
• F1-score 0.920 0.881 0.867 0.783 0.818 0.917 0.749 0.842

4 ALBERT + ConvNeXtXLarge 5924
• Accuracy 0.911 0.911 0.863 0.838 0.795 0.932 0.820 0.855
• Precision 0.902 0.900 0.862 0.800 0.788 0.869 0.816 0.843
• Recall 0.909 0.912 0.861 0.836 0.798 0.934 0.823 0.855
• F1-score 0.907 0.902 0.862 0.800 0.788 0.900 0.749 0.836

of ConvNeXt is much higher than that of RegNet; however, the training time of ALBERT and BERT is approximately similar (As men-
tioned in Table 3). Finally, it can be concluded that the third model in Table 3 (i.e., BERT + ConvNeXtXLarge) is selected as the most
appropriate DL architecture to analyse crowd-sourced data related to natural disasters in remote regions. Consequently, the answer to
the first research question is determined. Humanitarian aid organisations can use the most accurate models (BERT + ConvNeX-
tXLarge) to predict the category of future crowd-sourced data after a disaster and provide help in a timely manner. Using
(BERT + ConvNeXtXLarge) helps practitioners to find more information from social media content after disasters.

4.2. GAN dataset augmentation impact
A comparison of the performance metrics including accuracy, precision, recall, and F1-score of BERT and ConvNeXtXLarge models

with and without GAN images in the model development process is illustrated in Fig. 5 (a) for the test dataset. The comparison is
made between the use of BERT and ConvNeXtXLarge models based on their results (see Section 4.1). CA, NO, and AF are selected for
this comparison due to the highly imbalanced classes (Fig. 3). Fig. 5 (a) demonstrates that synthetic images generated by GAN ap-
proximately improve the performance metrics of the models. It is worth noting that synthetic images are not readable for humans,
however, based on the results deep learning models can recognize them.

Fig. 5 (b) shows the confusion matrices of the classifiers to clarify the impact of GAN augmentation datasets on the models. As
demonstrated in Fig. 5 (b), the number of detected class and not-detected class that is accurately classified increases for all three cate-
gories (CA, NO, and AF) with GAN. This means that GAN provides more data for the model learning process, and the models can pre-
dict this category better than they could in the past. Consequently, the second research question answers that GAN is the recom-
mended approach to improve the model performance for classifying imbalanced datasets.

4.3. Interpretation of results with SHAP
The results of the SHAP analysis, which provides valuable insights for humanitarian organisations, are given in Fig. 6. Fig. 6 inter-

prets the image and text of three tweets that are related to IU, AF, and RE. The important parts of tweet images are highlighted in red.
Furthermore, Fig. 6 shows that “damage” and “road” are the most influential words in the tweet texts to detect the IU. For the AF cate-
gory, “toll”, “missing”, “Britons”, “Nepal”, and “rises” are the most important words that have a positive impact. Finally, “relief” and
“army” are the most influential words in the tweet texts to detect the RE.Most of the results are similar to those expected, and it shows
that the model is working properly. Consequently, this interpretation could be monitored in the beginning steps of natural disasters to
explain the model behaviour.

In order to compare the results of the SHAP with another tool, a class activation map (CAM) is employed in this study as a classic
tool for an explanation of deep learning models. CAM is able to demonstrate the most important regions of the images in the classifi-
cation tasks [73]. After evaluating the two interpretation methods for images including SHAP and CAM (Fig. 6), it is obvious that
CAM results make sense more for readers. Especially for humanitarian aid images that have various contexts. In addition, SHAP privi-
lege in comparison with CAM is related to its ability to interpret text in addition to images.

5. Discussion
Humanitarian aid in post-disaster situations should be provided in a timely manner. However, the affected people and society lack

the ability to express their needs [27]. To solve this issue, recent studies suggested [5,11] analysing the crowd-sourced data of the af-
fected people. The affected people can express their needs by using social media platforms. If humanitarian organisations are able to
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Fig. 5. Comparison of the performance of BERT and ConvNeXtXLarge model for the test datasets included and excluded GAN images in the training process (a) Bar
chart (b) Confusion matrix.

classify the crowd-sourced data and find informative content, they will be capable to deliver essential items such as medicine and
food as soon as possible [74]. Accurate classifying crowd-sourced data is a critical and lifesaving task, so it should be done with accu-
rate models.

Due to the increase in humanitarian aid demand [75], humanitarian organisations should enhance the efficiency of humanitarian
aid [76]. Thus, deep learning algorithms are preferred to traditional machine learning algorithms in this study. Previous studies have
demonstrated that the performance of deep networks is superior to that of traditional models, provided that a large and uniformly dis-
tributed input dataset is accessible. In addition, crowd-sourced data has various modalities such as text and images that can be used to
capture more critical information from informative content. In a post-disaster scenario, information sourced from various modalities
holds significant value for humanitarian aid efforts [77]. Employing a multimodal approach allows us to harness a broader spectrum
of information.Moreover, by embracing a multimodal perspective,we can effectively explore the interconnectedness among different
modalities. This exploration results in the generation of more meaningful and context-rich data that proves invaluable to humanitar-
ian aid organisations. Therefore, the practice of multimodal analysis aligns seamlessly with a prevailing trend in contemporary litera-
ture. This trend involves the integration of diverse modalities into advanced models, such as KOSMOS [78], Video-LLaMA [79], and
Flamingo [80], all of which have gained prominence due to their capability to address multifaceted challenges effectively. Conse-
quently, this study analyses imbalanced input datasets to develop an interpretable multi-modal framework. The following sections
discuss the comparison of utilised deep networks, GAN as a solution for dealing with the imbalanced dataset, and the interpretation of
deep networks for a better understanding of their behaviour, in response to the research questions mentioned in the introduction.

5.1. Deep neural networks comparison
Previous studies have used several pre-trained deep learning models, including VGG, ResNet, Inception-V3, DenseNet, and RegNet

in the multi-modal analysis. It was reported that pre-trained deep networks have the appropriate performance to extract features of
social media images [27]. This research employs RegNet and ConvNeXt to evaluate their applicability for multimodality analysis of
social media feeds. Experimental results show that ConvNeXt performance has the best performance compared to RegNet. The useful-
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Fig. 6. Interpretation of results by SHAP to detect humanitarian aid data including (a) Infrastructure and utility damage (b) Affected individuals (c) Response.

ness of ConvNeXt is in line with the results of past studies that employed it for medical images [26,81], waste classification [82], and
detecting seismic damages to buildings [83].

For the text modality, the capability of deep networks in feature extraction is higher than that of the traditional ML model as re-
ported in the literature. Consequently, this study uses BERT and one of its modifications (ALBERT) to analyse the text inputs of the so-
cial media feeds. The ability of BERT to analyse social media feeds has been investigated and proven by past studies [6]. Results show
that the BERT model has better performance than ALBERT in this study. These observations are consistent with those in the literature
that compared numerous NLP models and found that BERT is better than some of its modifications including ALBERT, DistilBert, and
RoBERTa [11]. As a result, ConvNeXts and BERT are selected as the appropriate DL architectures to analyse crowd-sourced data re-
lated to natural disasters in remote regions (RQ1). Practitioners can use the multi-modal framework to predict various information of
social media content in the future and provide humanitarian aid as soon as possible.

5.2. GAN performance
Due to a few reasons such as privacy policy (sharing the images of affected individuals is prevented) [84], social media feeds tend

to be highly imbalanced [16]. The possibility of GAN to solve this issue is analysed in this study. In addition, collecting and labelling
real data records are timely and costly expensive [45]. Therefore, synthetic data records can be useful in improving accuracy when ac-
cess to real data records is limited. Experimental results proved that synthetic GAN images can increase performance metrics by re-
ducing data imbalance. The importance of this improvement can be highlighted by the fact that accurate detection of humanitarian
aid tweets can save human lives. The usefulness of synthetic images by GAN for multi-modal analysis of crowd-sourced data is consis-
tent with the findings of past research studies that used GAN for other applications such as brain tumour MRI image [85,86],machine
fault diagnosis [87], corrosion [88] and structure health monitoring. Consequently, the accuracy of the model for humanitarian aid
data from social media can be increased by generating synthetic data records.
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5.3. Interpretation of deep networks
As mentioned in Section 5.1, the performance of the DL makes them suitable for classifying humanitarian information from social

media feeds. However, the complexity of DL models also means that it is hard to interpret and explain the behaviour. According to the
seriousness of the humanitarian aid issue, utilizing black-box models is not rational [89]. This study employed SHAP to interpret and
explain DL results. The interpretation can be used in the initial stages of DL as a sanity check to validate the results [18]. Conse-
quently, the interpretation results can enhance the real-world applications of DL for social media feeds. The usefulness of the interpre-
tation tools for deep networks is demonstrated, in line with the findings of past studies that interpret the textual modality of crowd-
sourced data [18], COVID-19 claims [90], and linguistic features of Italian social media [91]. Thus, humanitarian aid experts can see
the behaviour of deep learning models before usage in real disasters as a sanity check.

6. Conclusion
This study has developed an interpretable multimodal framework that can effectively classify crowd-sourced data in social media

feeds with high accuracy. The developed framework contains text and image pre-processing and optical character recognition (OCR).
In addition, several pre-trained deep neural networks including BERT, ALBERT, ConvNeXt and RegNet, and Faster RCNN are em-
ployed in the framework. BERT and ALBERT are related to text modality, while other deep networks are devoted to image modality.
The experimental results for the test datasets illustrate that the average F1-score and accuracy of the combination of ConvNeXt and
BERT are 0.842 and 0.863, respectively, and its performance is better than that of the other combinations. Since social media feeds
are inclined to imbalance, the applicability of generative adversarial networks (GAN) to solve data imbalance issues is demonstrated
by applying GAN to the developed framework. The results prove that using synthetic data records in training can increase the F1-
score and accuracy of the developed model for the test datasets by roughly 2%. Finally, it is shown that SHAP is a suitable tool to in-
terpret the complex behaviour of deep networks.

Data limitation is one of the main limitations of the current study. All experiments of this research study are performed on public
social media feeds for several types of disasters. Since classification accuracy densely depends on the types of disasters, it is recom-
mended that future studies develop multi-modal datasets for the specific types of natural disasters including wildfires, floods, and
earthquakes.Moreover, due to the usefulness of synthetic data records in solving the imbalanced issue, it is suggested that future stud-
ies find the optimal number of synthetic data records to improve classification performance. For a more profound enhancement of the
quality and effectiveness of synthetic data records, the presence of a significant dataset becomes essential. This is particularly crucial
when aiming to generate a wide array of diverse image variations to create synthetic content of superior quality. Furthermore, it is
suggested that future studies evaluate the impact of multi-modal synthetic data (generating both text and image) on the prediction
performance of deep learning models. Additionally, the modalities are interpreted in this study separately, it is recommended that fu-
ture studies interpret the multi-models as a whole and compare the results with this study. Interpretation of the correlation between
two modalities can be a potential topic for future research studies.
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