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Abstract

In the current digital era, city governments require effective and responsive platforms to handle public reports
and feedback. One such example is Cepat Respon Masyarakat (CRM) in Jakarta, Indonesia, which allows
residents to report various issues to the city government, such as infrastructure damage, traffic accidents, and
environmental problems. However, after a report is created, it must be assigned to the appropriate agency.
Currently, this assignment process is a challenge, taking an average of nearly two hours. To improve the
efficiency and responsiveness of handling public reports through the CRM platform, this research proposes an
innovative, multimodal solution for classifying public report data, using both text and images to automatically
assign community reports. The proposed method was trained and evaluated using a dataset built from real
CRM data. Experiments showed that the multimodal model, using a fusion of the DINOv2 transformer
and Multilingual ES with the Early Fusion method, achieved 80.73% accuracy, an increase from the 68.9%
achieved by BERT and ResNet. The results of this research are expected to expedite the issue reporting
process and enhance the effectiveness of public services, ultimately contributing to the prosperity of all

Indonesian citizens in this era of technological advancement.
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1. Introduction

1.1. Background

In recent years, governments have been continu-
ously striving to be more responsive to public com-
plaints and to improve public services. The public
plays a crucial role in identifying issues within a
city without requiring the government to conduct
direct monitoring, which can be time-consuming and
costly. By effectively responding to public com-
plaints, the government not only addresses criticism
but also views it as an opportunity for significant
improvements [1-4]. In Jakarta, the capital of In-
donesia, there is already a system that allows the
public to report urban issues they encounter, known
as Cepat Respon Masyarakat (CRMﬂ which can be
translated as Public Quick Response. Through this
system, the public can report issues they encounter

Thttps:/ /crm.jakarta.go.id/

by submitting descriptions and supporting images,
which are then responded to and followed up by the
relevant agencies. It has been recorded that there is
an average of four hundred daily users, and more
than one million cases have been addressed [5],
demonstrating the vital role of this system.

However, based on data analysis conducted by
the research team in it takes an average of
almost two hours to respond to a report on CRM.
This delay is due to the need for local authorities to
manually determine the appropriate agency to handle
each report based on the regulations outlined in the
Secretary of the Regional Secretariat’s Decree No.
99 of 2022. Response times can be even longer if
there are no active local officers, such as at night or
on holidays. This poses a challenge, especially for
handling reports that require immediate responses,
such as cases involving people with mental dis-
orders, or orang dengan gangguan jiwa (ODGQGJ),
illegal parking, and other urgent issues.

To address this issue, this study proposes an
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automated system to assign reports to the appro-
priate agencies instantly and accurately in Jakarta’s
CRM system. By leveraging state-of-the-art trans-
former models such as DINOv2 (self-DIstillation
with NO labels) for images [6] and Multilin-
gual ES (EmbEddings from bidirEctional Encoder
rEpresentations) for text [7], the system aims to
generate meaningful and contextually relevant repre-
sentations of the text and images in each report. With
the integration of this automated system, we believe
response times can be reduced, providing better
public services to the community and supporting the
overall development of the city.

1.2. Research Focus

This study focuses on integrating text and image
data within Jakarta’s CRM system for accurate and
efficient automated report classification. Our primary
contributions are twofold: (1) the creation of a novel
multimodal dataset of real-world CRM reports from
Jakarta, and (2) a comprehensive experimental eval-
uation exploring various state-of-the-art multimodal
models and fusion strategies to determine optimal
text and image representations and assess the rela-
tive importance of each modality. This evaluation
demonstrates the effectiveness of combining text
and image information for improved classification
accuracy. This approach has the potential for direct
implementation on CRM platforms, enhancing pub-
lic service delivery.

1.3. Research Limitations

The approach presented in this study has several
limitations that should be noted:

1) The classification target labels are limited
to 8 out of 42 institutions/agencies, based
on the highest number of reports, which
together account for more than 90% of the
total reports.

2) The dataset is only taken from Jakarta’s
CRM, where each report includes a photo
and a description with a minimum of 50
characters and a maximum of 2000 charac-
ters.

2. Literature Study

2.1. Text Representation

Encoders using Recurrent Neural Networks
(RNN) and Long Short-Term Memory (LSTM) in
natural language processing have several limitations.
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Figure 1. The E5 architecture, where E, (Embedding
passage) and F, (Embedding query) are compared for
their similarity for contrastive learning [16].

RNNs are prone to long-term training issues due to
the difficulty in maintaining contextual information
in long text sequences. On the other hand, although
LSTM addresses this issue by allowing both long-
term and short-term memory, the higher computa-
tional complexity often poses challenges on a large
scale, sometimes resulting in performance that is
inferior to simpler approaches like Continuous Bag
of Words (CBoW) [8l [9]].

Meanwhile, transformer-based models such as
Bidirectional Encoder Representations (BERT) [[10]
and Generative Pre-training Transformer (GPT) [IL1]
have revolutionized natural language processing with
the use of self-attention, enabling them to capture
more complex relationships between words in text
on a large scale in parallel. Additionally, some large-
scale encoder-decoder models like mT5 (multilin-
gual Text-To-Text Transfer Transformer) trained on
the Cendol dataset have been proven to outperform
other large language models of similar size in trials
for Indo NLU (Natural Language Understanding)
and NLG (Natural Language Generation) [12H15]).

E5 (EmbEddings from bidirEctional Encoder
rEpresentations) is a state-of-the-art text embed-
ding model that achieves high performance in
text representation tasks. This model is trained
with weakly-supervised contrastive pre-training on
large datasets of text pairs, as shown in Figure
[2.1] producing strong single vector representations
for information retrieval, clustering, and classifi-
cation [16]. One of the leading variants of ES5
is multilingual-e5-large-instruct, which has
proven to be highly effective in benchmarks such as
the Massive Text Embedding Benchmark (MTEB),
optimally supporting multilingual text processing
[7, 170

2.2. Image Representation

Residual Network (ResNet) and Vision Trans-
former (ViT) are two main approaches to image
representation within the fields of machine learning
and computer vision. ResNet uses a Convolutional
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Figure 2. The PCA results of 3 components of the DI-
NOvV2 model [6].

Neural Network (CNN) architecture to extract hi-
erarchical features from images with residual con-
nections that facilitate deep network training [18].
In contrast, ViT applies a transformer approach
by analyzing image patches as tokens, similar to
text processing in transformers [19]. Both models,
trained on the ImageNet dataset [20]], produce rich
image representations useful for multimodal tasks.

DINOvV2 is a model that uses self-supervised
learning to train ViT by breaking down images
into small parts, as illustrated in Figure [2.2] where
each component has a specific color, for example,
the head components are all colored green. This
model allows ViT to understand each part of the
image individually and predict the relationships be-
tween those parts. The self-supervised learning ap-
proach in DINOvV2 enables efficient training using
unlabeled data, enhancing the generalization of the
resulting image representations [6]. With superior
performance on ImageNet benchmarks, both in self-
supervised and fine-tuning settings, DINOv2 demon-
strates its strength in generating broadly applicable
image representations.

DINOv2 is a model that uses self-supervised
learning to train ViT by breaking down images
into small parts, as shown in Figure where
each component is assigned a specific color, for
example, all head components are colored green.
This model allows ViT to understand each part of
the image individually and predict the relationships
between these parts. The self-supervised learning
approach in DINOv2 enables efficient training using
unlabeled data, enhancing the generalization of the
resulting image representations [6]. With superior
performance in ImageNet benchmarks, both in self-
supervised and fine-tuning settings, DINOv2 demon-
strates its strength in generating widely applicable
image representations

2.3. Combining Text and Images with Early
Fusion

Combining text and images within a single
model aims to leverage information from both
modalities to enhance performance in tasks that re-
quire understanding multimodal contexts. One of the
common approaches used for this purpose is Early
Fusion, where text and image features are merged at
an initial stage before being fed into the predictive
model. By integrating the features early in the pro-
cess, this method allows the model to learn from the
combined data in a more cohesive manner, capturing
the intricate relationships between text and image
content. This approach has proven to be effective
in several studies, demonstrating improvements in
tasks like image captioning, sentiment analysis, and
multimedia content retrieval, where understanding
the synergy between textual and visual information
is crucial [21-24].

3. Methodology

3.1. Dataset

The reports on Jakarta’s CRM website can be
accessed publicly. We performed web-scraping to
build a dataset of 53,885 public reports submitted
throughout 2023. Each data point collected con-
tains information such as the report ID, supporting
photos, report description, and the time taken by
the local authorities to forward the report to the
relevant agency. Each data point also includes the
information about the agency that followed up on
the report. An example of a data point collected from
the website can be seen in Table [Il

The dataset was then processed and cleaned to
prepare for model training with a classification target
for the eight agencies that received the most reports.
Although many agencies are involved in the public
report handling in Jakarta, we select only eight agen-
cies whose total number of reports cover more than
90% of the total. The distribution of classification
targets for these eight agencies can be seen in Table

Instead of splitting the dataset into training, vali-
dation, and testing sets, we perform stratified-5-fold
cross-validation to ensure a more robust evaluation
of the model’s performance across different subsets
of the data. This approach helps mitigate overfitting
and provides a better estimate of the model’s gener-
alization ability.
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Table 1. Example of one data point.
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car karena ada bangunan
rumah di Kalibanglio yg
sangat rendah yg mengha-
langi aliran air. Mohon dit-
injau dahulu.

flowing properly due to a
very low house building
in Kalibanglio blocking the
water flow. Please inspect it
first.

DINAS SUMBER
DAYA AIR

Report (Indonesian) Report Translation (En- Label Label Translation
P glish) (Indonesian) (English)
Air tergenang tidak lan-  Water stagnation is not

DEPARTMENT  OF
WATER RESOURCES

Table 2. Target departments for classification.

Department (Indonesian) Department Translation (English) Count
Dinas Bina Marga Department of Public Works 10,526
Satuan Polisi Pamong Praja Department of Civil Service Police 10,424
Dinas Perhubungan Department of Transportation 9,351
Kelurahan Sub-District Office 8,914
Dinas Pertamanan dan Hutan Department of Parks and Forestry 5,405
Dinas Sumber Daya Air Department of Water Resources 1,872
Dinas Cipta Karya, Tata Ruang, dan Pertanahan Department of Public Works and Spatial Planning 1,519
Badan Pembinaan Badan Usaha Milik Daerah Department of Regional-Owned Enterprises 1,403
Development
Instansi lain Other Departments 4,471

3.2. Metrics

We selected weighted F} as the primary evalua-
tion metric for our machine learning models classi-
fying community reports. This choice is particularly
relevant given the potential for class imbalance in
our dataset. weighted F} provides a balanced eval-
uation of the model’s performance by considering
both precision and recall for each class and then
calculating a weighted average, where the weight is
the number of true instances for each class. This
approach ensures that the performance on larger
classes has a greater impact on the overall score. The
calculation involves first computing the F} score for
each class i:

2 . Precision'”) - Recall”

Precision® + Recall®

FY = )

Then, the Weighted I score is calculated as the
weighted average of these individual F} scores:

SN
weighted i i
e ted _ 21 ~ - F} )
where C' is the number of classes, IV; is the

number of true instances for class 7, and N is the
total number of instances.

weighted F) offers a more comprehensive eval-
uation than accuracy alone, as it accounts for both
false positives and false negatives across all classes,
particularly in cases of class imbalance. This met-
ric is especially useful when the dataset exhibits
unequal class distributions, as it emphasizes the
model’s ability to perform well across all classes,
giving more importance to larger classes. Using
weighted F} ensures a more accurate assessment of
the model’s overall classification performance in the
presence of class imbalance.

3.3. Experimental Design

The experimental flow is depicted in Figure 3.3
The process began with data collection, acquisition,
and cleaning, as detailed in Section @ Subse-
quently, as explained in Sections [2.2] and 2.3] text
and image data were transformed into embedding
vectors.

The pre-trained weights for the text and image
models, detailed in Tables [3] and [ respectively, are
all open-source and accessible via Hugging Face.

The embedding process is defined as follows:
Given a text input T and an image input Timage,
separate encoders generate embedding vectors eex
and ejmage, respectively. These encoders are pre-
trained models with frozen parameters during train-
ing to preserve their learned feature representations,
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Figure 3. Experimental design.

Table 3. Model details for images.

Model Name Model Checkpoint

ResNet50 microsoft/resnet-50

ViT-B/16 google/vit-base-patch16-224-in21k
DINOv2 facebook/dinov2-large

Table 4. Model details for text.

Model Name Model Checkpoint

FastText facebook/fasttext-id-vectors

IndoBERT cahya/bert-base-indonesian-522M

Cendol MT5 indonlp/cendol-mt5-large-inst
Multilingual ES  intfloat/multilingual-e5-large-instruct

ensuring that the embeddings remain fixed while the
classifier is trained.

Clext = ftexl(xlext) (3
€image — fimage (ximage) @

The embeddings from both modalities are then
combined using early fusion. The combined embed-
ding ecompbined 1S Obtained by concatenating the text
and image embeddings:

€combined = Concat(etext; eimage) (5)

This combined embedding is then input to the
classifier. In this experiment, we used CatBoost with
default parameters for classification. To address po-
tential class imbalance, we employed weighted class
settings. The weight w; for each class [ is calculated
as:

N
T C-N

where N is the total number of instances, C is
the number of unique classes in the dinas final
column, and NV, is the number of instances associated
with class [. As shown in Equation @ the class
weight depends on the total number of instances,
the number of classes, and the number of instances
in each class.

Finally, the trained model’s performance was
evaluated using accuracy and other relevant metrics
on the test dataset to determine the best-performing
model.

(6)

wy

4. Experiment Results and Analysis

4.1. Multimodal Model Comparison

Initially, we built a baseline multimodal model
by combining more conventional models. Subse-
quently, to improve performance, further experi-
ments were conducted using transformer-based mod-
els. Table [5|presents the weighted F} scores achieved
by training with the Early Fusion method using the
CatBoost model with various combinations of image
and text models.

The experimental results demonstrate that com-
binations of conventional models, such as the
ResNet50 + FastText multimodal model, achieved
an weighted I} score of only 0.6903. In contrast,
using combinations of transformer models yielded
significantly higher weighted F} scores. As shown in
Table [5] the DINOv2 + Multilingual ES multimodal
model achieved the highest weighted Fj score of
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Table 5. Model weighted Fi Scores for image + text.

Model Weighted
"
ResNet 50 + IndoBERT 0.6892
ResNet 50 + FastText 0.6903
ResNet 50 + Cendol mT5 0.6972
ResNet 50 + Multilingual ES 0.7941
ViT-B/16 + IndoBERT 0.6911
ViT-B/16 + FastText 0.6974
ViT-B/16 + Cendol mT5 0.7049
ViT-B/16 + Multilingual E5 0.7965
DINOvV2 + IndoBERT 0.7349
DINOV2 + FastText 0.7381
DINOvV2 + Cendol mT5 0.7423
DINOvV2 + Multilingual ES 0.8073

0.8073. This combination consistently outperformed
the other combinations, indicating the superiority of
transformer models, particularly DINOv2 and Multi-
lingual ES5, in capturing relevant and robust features
and representations from image and text data, as
explained in Sections [2.1] and 2.2]

DINOvV2’s exceptional performance can be at-
tributed to its strong generalization capabilities,
which stem from its semi-supervised training ap-
proach. Furthermore, Multilingual ES is trained with
objectives that enhance its performance in robust
text understanding and classification tasks, including
scenarios resembling zero-shot classification. This
allows the model to function as an effective classifier
without requiring extensive task-specific fine-tuning,
further contributing to the superior performance of
the multimodal model.

Conversely, models such as ResNet and BERT,
while powerful in their respective domains, may
lack sufficient generalization as standalone encoders.
These models typically require fine-tuning to achieve
competitive performance, as they are not inherently
optimized for general-purpose feature extraction.
This limitation likely contributes to their compar-
atively lower weighted F} scores when used as
components in multimodal frameworks.

4.2. Ablation Test

Table @ presents the results of the ablation test,
evaluating the performance of different models us-
ing text-only, image-only, and combined modalities.
Among the single-modality models, Multilingual E5
achieves the highest weighted F; score (0.7893),
while DINOv2 achieves 0.6270. This difference
highlights the greater relevance of text features for
this classification task, as text often contains explicit
information directly correlated with the target labels.

Table 6. Ablation Test: Single Modality (Text or Image)
and Multimodal (Image + Text) Models. Modality Key: T
refers to text embeddings, I refers to image embeddings,
and T+I combines both image and text embeddings.

Model Modality Weighted
Fy
DINOvV2 I 0.6270
ResNet-50 I 0.5185
ViT-base I 0.5125
Cendol-mT5 T 0.6613
FastText T 0.6472
IndoBERT T 0.6410
Multilingual E5 T 0.7893
DINOV2 + Multilingual E5 T+I 0.8073

Image-based models face additional challenges due
to their reliance on contextual interpretation.

4.3. Error Analysis

The combination of DINOv2 and Multilingual
ES achieves an weighted F} score of 0.8073, demon-
strating the benefit of integrating image and text
modalities. While the improvement over the text-
only Multilingual E5 model is relatively small,
the multimodal approach effectively addresses cases
where text information is ambiguous or insufficient.
For instance, as shown in Table the text “To-
long dibenerin atau diikat bahaya kalo kena orang”
(Please fix or tie it; it’s dangerous if it hits some-
one) does not specify the issue, causing the text-
only model to misclassify it as "DINAS SUMBER
DAYA AIR” (Water Resources Agency) instead of
”DINAS BINA MARGA” (Public Works Agency).
The inclusion of image features in the multimodal
approach resolves this misclassification by providing
crucial context.

The performance gain from multimodal fusion
varies depending on the strength of the underlying
text model. Stronger text models, such as Multi-
lingual ES5, see smaller gains from incorporating
images compared to weaker text models such as
IndoBERT. For example, IndoBERT’s weighted F}
score of 0.6410 improves to 0.7349 when combined
with DINOvV2, a larger relative improvement than
the increase from 0.7893 to 0.8073 observed with
Multilingual ES.

These findings suggest that while text-based
models are effective at capturing explicit informa-
tion, the multimodal approach enhances performance
by providing complementary information, particu-
larly in cases of ambiguity. This reinforces the value
of leveraging both modalities for robust classifica-
tion.
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Confusion Matrix for embedding features: Image-DINOv2-large-pretrained.pkl, Text-multilingual-e5-large-instruct.pk!
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Figure 4. Confusion matrix of DINOv2 + Multilingual ES.

Figure [4.3] shows that the model encountered the
most difficulty with the ’DINAS PERHUBUNGAN”
(Department of Transportation) class. For this class,
the model achieved a precision of 0.5158, meaning
that 51.58% of instances predicted as "DINAS PER-
HUBUNGAN” were correctly classified. The recall
for this class was 0.5277, indicating that 52.77% of
actual "DINAS PERHUBUNGAN?” instances were
correctly identified.

We now analyze classification errors that oc-
curred when using only text features and demon-
strate how these errors were corrected by incorpo-
rating image features.

In the example shown in Table [7} the text-
only model classified the report as "DINAS SUM-
BER DAYA AIR” (Department of Water Resources),
while the multimodal model correctly classified it
as "DINAS BINA MARGA” (Department of Pub-
lic Works). This demonstrates that text information
alone can be insufficient. In this specific case, the
text is ambiguous, requiring additional information
from the image for accurate classification.

Table 7. Example of an error when using only text.

Image Report g::tl;lnd
ata ket baaya  DINAS BINA
MARGA
kalo kena orang. .
LS (Public
(Please fix or tie it, .
it’s dangerous if it Works
& Agency)

hits someone.)

The integration of image representations with
DINOV2 is crucial due to DINOv2’s ability to ef-
fectively represent images, as illustrated by the PCA
visualization of image vector representations in Fig-
ure [3] (related to the image in Table [7). As shown
in Figure [5] DINOv2 highlights the poles in the
image, thereby assisting the classifier in making
more accurate predictions.
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Figure 5. PCA visualization with 3 components from the
DINOv2 model applied to the image in Table

5. Conclusion

This study demonstrates that using Multilin-
gual ES5 for text representation and DINOv2 for
image representation achieved the highest accu-
racy of 80.73%, outperforming the combination of
BERT and ResNet, which reached only 68.9%. This
11.83% performance improvement highlights the ef-
fectiveness of using DINOv2 for image representa-
tion and Multilingual ES for text representation. The
multimodal approach, by combining these advanced
models, delivers more accurate predictions, demon-
strating clear advantages over traditional models
like BERT and ResNet. This superior performance,
evaluated through cross-validation, suggests that the
proposed method is more suitable for tasks such as
automatic assignment systems on CRM platforms,
where accuracy and efficiency are critical.
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