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ABSTRACT

The automatic management of public area safety is one of the most chal-
lenging issues in our society. For instance, the timely evacuation of the
public during incidents such as fires or large-scale shootings is paramount.
However, detecting pedestrian behavior indicative of danger promptly from
extensive video surveillance data may not always be feasible. This may re-
sult in untimely warnings being provided, resulting in significant loss of
life. Although existing research has proposed “text-based person search,”
it has primarily focused on pedestrian search by matching images of pedes-
trian body parts to text, lacking the search for pedestrians in dangerous
scenarios. To address this gap, this paper proposes an innovative warn-
ing framework that further searches for individuals in hazardous situa-
tions based on textual descriptions, aiming to prevent or mitigate crisis
events. We have constructed a new public safety dataset named CHUK-
PEDES-DANGER, one of the first pedestrian datasets that includes dan-
gerous scenes. Additionally, we introduce a novel framework for public
automatic evacuation. This framework leverages a multimodal deep learn-
ing architecture that combines the image model ResNet-50 with the text
model RoBERTa to produce our Text-Image Dangerous-Scene Convolu-
tional Baseline (TIDCB) model, which addresses the classification problem
from text to image and image to text by matching images of pedestrian
body parts and environments to text. We propose a novel loss function,
cross-modal projection matching-triplet (CMPM-Triplet). After conduct-
ing extensive experiments, we have validated that our method significantly
improves accuracy. Our model outperforms TIPCB with a matching rate of
76.93%, an improvement of 4.78% compared to TIPCB, and demonstrates
significant advantages in handling complex scenarios.
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1. INTRODUCTION

In the current world, there is a growing need for
advanced surveillance systems as civilization devel-
ops. This is particularly true when processing exten-
sive video data to target vehicles or pursue criminals.
In these situations, traditional approaches may need
weeks or even months of police effort, significantly de-
pleting societal resources. Furthermore, as the public
becomes more aware of legal rights, worries about pri-
vacy and portrait rights may surface.

Re-identification (ReID)[1] technology has sur-
faced as an alternative to facial recognition in light of
these difficulties. RelD allows a person to be identi-
fied and tracked within video data by using descrip-

tions of images or attributes. However, in some sit-
uations, like following criminal suspects in criminal
investigations, acquiring clear images of people can
be very challenging. In light of this, a new pedestrian
search sub-domain based on natural language descrip-
tions has emerged: the Text-Image Part-based Con-
volutional Baseline (TIPCB)[2]. TIPCB significantly
improves retrieval efficiency by integrating multi-
modal information to enable effective cross-modal re-
trieval. In addition to advancing RelID technology,
this approach has dramatically increased the effi-
ciency of intelligent monitoring in real-world situa-
tions.
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Retrieval Results
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Fig.1:  Comparison of traditional and our early
warning system.

Despite the exceptional work done by Li, Shuang
[3] and Han, Xiao[4] et al. in “Person Search Based
on Natural Language,” we think there is still a lot
more to explore. The previous research was limited to
searching for individual characteristics of persons and
did not involve searching for individuals in danger-
ous scenarios. For instance, we might not be able to
quickly identify pedestrian dangers in crowded public
areas like streets, shopping malls, and communities
from extensive video surveillance data. For example,
a large fire occurred at an outlet in Daejeon, South
Korea[5], on September 26, 2022, which resulted in
seven fatalities and one serious injury. In addition, a
shooting at the Siam Paragon in Bangkok on October
3, 2023[6], resulted in three deaths and five wounded.
Perhaps such accidents could be avoided, or the num-
ber of victims could be decreased if we could use
surveillance to identify the location of a suspect or
provide early warnings when a fire breaks out. As
shown in Fig 1, the traditional early warning sys-
tem relies on intelligent surveillance technology, re-
quiring security personnel to constantly monitor for
unusual activities in surveillance footage, such as fires
or shootings. Given the vast surveillance data, relying
solely on human observation poses risks of oversight
and manpower shortage.

This made us wonder if we can use text to search
for people in dangerous scenarios in the future. Thus,
we proposed a novel early warning framework, ex-
panding the current cross-modal text-to-image re-
trieval framework. We construct various images
of individuals captured from surveillance footage,
each accompanied by corresponding textual annota-
tions. Unlike previous cross-modal text-to-image ap-
proaches, our annotations describe individual charac-
teristics and highlight features indicative of potential
danger in the scene. Thus, we can link the environ-
mental image feature to text annotations. Through
these enhancements, the early warning system will

281

be able to more accurately identify and alert to
hazardous behaviors, enabling timely intervention in
emergencies and reducing potential harm.

The first challenge we encountered was a need for
more datasets. Gathering comprehensive statistics
on pedestrians is complex, and exploring the retrieval
of dangerous scenarios is a particularly rare dataset.
Second, integrating this innovative search approach
into existing research has some challenges. To iden-
tify a pedestrian, existing works extract features only
from several pedestrian body parts (head, shoulders,
body, legs, and clothes) to connect text and picture
attributes; they ignore environmental information to
boost retrieval accuracy. Now, we need to extend
such an idea to include both pedestrian body parts
and environmental features to make the connection
between text and picture attributes. The added en-
vironmental feature in the image could sometimes
overlay with body part features. These modifications
could harm the retrieval accuracy.

To address the lack of dataset issues, we chose
to modify images from the CUHK-PEDES dataset
to produce the CHUK-PEDES-DANGER dataset.
With each image labeled, this simulates images of
people in dangerous situations, including “fires,”
“floods,” and “crossing through bushes,” addressing
the existing shortage of large-scale datasets to assist
this emerging field of study. Furthermore, we changed
the language model in TIPCB to the RoBERTa[7]
language model and proposed a novel loss function
called CMPM-Triplet. FExperiments show that the
newly introduced function effectively improves model
performance.

The main contributions of this paper are: (1) A
novel early warning framework based on individual
searches in dangerous situations and descriptions in
natural language is proposed. (2) To address the
scarcity of extensive datasets to enable the emerging
field of “natural language search for people in dan-
gerous scenes,” the CHUK-PEDES-DANGER pub-
lic safety dataset was developed. (3) We created
our model TIDCB by modifying the TIPCB model,
and we also introduced a novel loss function called
CMPM-Triplet. (4) Our approach outperforms the
TIPCB model based on numerous experiments per-
formed on the CHUK-PEDES and CHUK-PEDES-
DANGER datasets.

2. RELATED WORK
2.1 Research on dangerous scene detection

Dangerous scene detection has always been essen-
tial in public safety and social management. Quickly
and accurately recognizing potential threats in pic-
tures or surveillance videos is crucial for preventing
accidents and criminal activities.

In response to this issue, H. Yang et al. [8] pro-
posed a real-time framework for detecting dangerous
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Table 1: Comparison of Cross-Modal Retrieval Methods in Person Search with Natural Language Descrip-
tion.
R i .
Methods ep;e:t;n;gtwe Features Shortcoming
: r : Complex or heterogeneous
Learn the unified representation of voice .
MDAE . . . multimodal data may not be
audio and lip movement video.
handled well.
. .. . Difficult to train and less
RBM Learning the joint representation of efficient on laree-scale
multimodal data. &
datasets.
Mapping sentences and images into the Relies on the structure of input
MV-RNN same representation space to complete cross- | data and may not perform well
modal retrieval. with unstructured data.
Useful for learning accurate and compact It has limitations in
Corr-AE multimodal representations, rapid similarity | understanding deeper semantic
search, and other applications. relationships.
Cross-modal It learns to share high-level representations
deep Learning ICMAE and recognize attributes from image-text Limited ability to handle
models pairs. For noisy, sparse, and diverse social complex semantics.
multimedia online.
Learning inter-modal correlations using : .
7 Relies too much on specific
Deep-SM convolutional neural networks and fully- neural network structures
connected networks to map images and text 2 i i e
; limiting generalizability.
into label vectors.
A hierarchical paradigm with several deep Complexity might lead to
CMDN networks stores information inside and difficulties in interpretation
between media. and maintenance.
Balancing the learning of intra-modal :
alancing Me fearming of itra-moca It struggles to find a suitable
semantic category constraints and inter- :
CCL o : s balance between intra- and
modal association constraints to improve : : .
. inter-modal information.
cross-modal retrieval accuracy.

behaviors. This framework aims to identify the haz-
ardous behaviors of workers in complex industrial set-
tings. The authors conducted data analysis of ac-
tual production scenarios and decomposed the task
requirements into functionalities such as object detec-
tion, scene recognition, behavior analysis, and safety
logic reasoning. However, such a method is task-
specific; thus, it only works for their experimental
factory, and everything must be re-collected and re-
designed if applied to a different area.

Ravanbakhshd et al.[9] proposed a novel paradigm
for abnormal event detection by combining multi-
modal learning and Generative Adversarial Networks
(GANs). They presented a GAN-based technique
for anomaly detection in crowded settings. To teach
GANSs the internal representation of scene normalcy,
normal video frames and the related optical flow
images were used for training. GANs cannot pro-
duce anomalous occurrences because they are trained
solely on normal data (without abnormal action). In

the testing process, the appearance and motion repre-
sentations reconstructed by the GANs are compared
to real data, and abnormal actions are identified by
computing local differences.

For the above methods, we noted three major is-
sues with their approach: first, there is a shortage of
clear and objective definitions of abnormal behavior;
second, their design is problem specific, thus applying
such design elsewhere will need a re-hull of the design;
third, there are few datasets with ground truth for ab-
normal samples available, which is a major limitation
for data-hungry deep learning methods. These three
problems are related because creating large-scale an-
notated datasets is more difficult due to the subjec-
tivity in defining abnormalities.

2.2 Cross-modal retrieval methods

With the popularity of deep learning in recent
years, multimodal learning has also drawn a lot
of interest, as demonstrated by Table 1. A self-
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encoder model (MDAE) was proposed by Ngiam et al.
[10] to learn a unified representation of lip-activated
video and speech audio. A depth-constrained Boltz-
mann machine (RBM) was created by Srivastava and
Salakhutdinov[11] to learn a joint representation of
multimodal data. Socher et al. [12] suggested a
recurrent neural network model (MV-RNN) based
on dependency trees to map phrases and images
into the same space to achieve cross-modal retrieval.
Self-encoders were used by Feng et al. [13] and
Wang W. et al. [14] to build a cross-modal retrieval
model (Corr-AE). To efficiently search for similarities
in multimodal data and other relevant applications,
Wang D. et al. [15] introduced a multimodal modal
deep learning system that learns accurate and com-
pact multimodal representations of multimodal data.
Zhang et al. [16] proposed an attribute discovery
method called Independent Component Multimodal
Self-Encoder (ICMAE), which learns a shared high-
level representation to recognize attributes from a set
of image and text pairs. Aiming at the characteris-
tics of web social multimedia content, which is noisy,
sparse, and diverse, Zhang et al. [17] further proposed
a method to learn a unified image-text representation
from web social multimedia content. To learn inter-
modal correlation, Wei et al. [18] suggested a deep
semantic matching (deep-sm) method that maps text
and images into labeled vectors using convolutional
neural networks and fully connected networks. To
retain information within and between media, Peng
et al.[19]presented the CMDN model, a hierarchical
framework with numerous deep networks. Addition-
ally, they proposed the cross-modal correlation learn-
ing method (CCL)[20], which balances learning inter-
modal correlation constraints with maintaining fine-
grained information of various modalities while mod-
eling coarse-grained information of various modali-
ties. This approach preserves fine-grained informa-
tion of various modalities while modeling the coarse-
grained information of various modalities.

However, they all generally experience the follow-
ing issues:(1) In deep learning-based techniques, cur-
rent methodologies may only apply to some appli-
cation scenarios, such as textual descriptions-based
character searches, because they are tailored for par-
ticular kinds of multimodal data. (2) Working with
novel and untested data kinds or structures may
present challenges for these approaches.

In addition, similar challenges have emerged in
other Natural language Processing domains. For in-
stance, J. Qu and A. Shimazu [21] proposed auto-
matic evaluation for cross-language information ex-
traction and out-of-vocabulary (OOV) term transla-
tion. While this method has shown promising results
in their respective fields, it still needs help with small
dataset sizes and subjective definition ambiguity.
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2.3 Text-based person search methods

In the Text-based Person Search (TBPS) field,
Li et al. [3] conducted pioneering research on the
challenging dataset CUHK-PEDES and constructed
a baseline model based on a recurrent neural network
with gated neural attention. Subsequently, various
single-scale methods have been proposed, leveraging
techniques such as instance loss [22], cross-modal pro-
jection loss [23], adversarial loss [24], and cross-modal
knowledge adaptation[25] to better explore the intra-
and inter-modal fine-grained differences.

One of the most outstanding research contribu-
tions is the TIPCB proposed by Yuhao Chen et al.
[2]; it resulted in the development of CUHK-PEDES,
a large-scale person dataset, and a baseline model
based on Recurrent Neural Networks with Gated
Neural Attention (GNA-RNN). In this framework,
the most pertinent images for situations such as in-
telligent surveillance are retrieved using the CMPM
algorithm, which ranks all images in the dataset ac-
cording to the relation between text descriptions and
images.

We create a new public safety dataset called
CHUK-PEDES-DANGER and propose an inventive
early warning framework, building upon the original
cross-modal retrieval paradigm by Yuhao Chen et al.,
addressing the issue of data scarcity. To prevent or
resolve crisis events, this dataset makes it possible to
retrieve people from dangerous situations inside big
image datasets. This has significant implications for
public safety awareness.

3. METHODOLOGY

In the following chapters, we will discuss in Section
3.1 how we created the CHUK-PEDES-DANGER
dataset containing dangerous scenarios. Section 3.2
describes our proposed CMPM-Triplet function and
its application to a multimodal model. Finally, Sec-
tion 3.3 will explain how we provide early real-life
warning mechanisms through our new image-to-text
and text-to-image search methods.

3.1 Dataset construction

We made a dataset called CUHK-PEDES-
DANGER just for public safety. It is an improve-
ment on the CUHK-PEDES dataset. The CUHK-
PEDES dataset is constructed at the Chinese Univer-
sity of Hong Kong. It is primarily used for pedestrian
searches based on natural language descriptions. It
has over 40,000 images of 1,003 pedestrians, and each
one has at least two written descriptions, for a to-
tal of over 80,000 descriptions; these descriptions en-
compass information regarding pedestrians’ appear-
ance features, clothing styles, behavioral actions, and
other details.

To make the CUHK-PEDES-DANGER dataset,
we took 2385 different pedestrian instances from
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CUHK-PEDES and picked four images of each in-
stance in a different pose. This gave us a total of
9540 original images. This dataset is split into two
parts. The first part has the 9540 original images
from CUHK-PEDES. The second part has 9540 im-
ages that have been modified, as seen in Fig. 2. Given
the relative scarcity of large datasets for dangerous
scenarios; we generated images of hazardous scenes
using photo edit technology. We specifically added
pre-selected elements like “water,” “fire,” and “grass”
to the original pictures to make them look like dan-
gerous situations similar to “floods,” “fires,” and il-
legal activity like “crossing through bushes.” During
this process, we used a variety of “water, fire, grass”
elements to enhance the diversity of the dataset.

Ground Truth Fire Grass Water Sentence

" "The woman has on a black jacket with white stripes on the shoul-
ders, around the waist and along the bottom. Her hair s braided
into a ponytail. She s carrying some type of brown bag on her left
arm and appears to have some type of jacket over her right arm. She
s wearing dark tights and brown shoes. "

‘The person caught on fire.

“This man is wearing an orange coat with a grey-orange backpack.
He has light blue jeans and black-white sneakers. "

The person approached the source of fire.

*A man wears a blue and white long sleeved pleaded shirt and black
pants with white sneakers he holds a phone inside his hand."

The person is getting closer to the source of the fire.

"The man is visible from the front. He has on white tennis shoes
with black soles. He has on dark grey pants and has short dark hair.
‘The man is wearing prescription glasses and has on a black and
‘white jacket that zips up in the front. He S carrying a black bag in
his right hand. "

Fire is enveloping this person.

RED: Fire Description Grass Description ‘Water Description

Fig.2: Samples in the CUHK-PEDES-DANGER

dataset.

Furthermore, we enhanced each image by includ-
ing further textual explanations of the related haz-
ardous situations, expanding upon the two existing
descriptions written in natural language. These de-
scriptions are quite detailed and encompass the in-
dividuals’ physical appearance, behavior, stance, and
interactions with other items. Typically, descriptions
consist of 30 to 50 words.

To summarize, our recently created CUHK-
PEDES-DANGER dataset comprises 2385 unique
pedestrians, 19080 pictures, and 38160 textual de-
scriptions.

3.2 Multimodal model and our loss function

In our proposed framework, shown in Fig. 3, three
main parts comprise the image-text architecture. The
first is the visual module, which uses the ResNet-
50[26] and RoBERTa models to extract multimodal
information. The second is the joint learning module,
which coordinates and learns cross-modal representa-

tions. The third is a real-time early warning frame-
work demonstration. At first, we preprocess data
from different modalities. For example, textual data
and image data are fed separately into their models
to get text features and image features. When you
give our model some text (t), it searches the image
database for the image (¢) that most closely matches
the text (¢). If t and i both have the same label, we
have a good match. Using the TIDCB model, we get
a shared representation of the data across modalities
and make a label mask M;; for each pair of samples.
My; = 1 means that samples ¢ and ¢ have the same
label, and My; = 0 implies that they have different
labels. Then, we find the cosine similarity between
the text and the picture. Finally, we sorted the can-
didates by score from highest to lowest to find the
image with the highest similarity score.

3.2.1 Image feature extraction

As shown in Fig. 4, the ResNet-50 network was
the main design we used for the image feature extrac-
tion part of our study. ResNet-50 has four residual
modules, and each one is made with residual links to
help with network degradation. This design ensures
maintained or enhanced performance even as network
depth increases. These leftover blocks are very impor-
tant for getting meaningful information from low to
high levels, which makes features more expressive. In
the last step, a matrix is made after the fully linked
layers have been processed.

3.2.2 Text feature extraction

As shown in Fig. 5, we employed the RoBERTa
model, a language representation model based on the
Transformer[27]; it is a modification from BERT[28]
for extracting text features. Specifically, the textual
description ¢ is first decomposed into a sequence of
words, which are then transformed into a sequence
of tokens through a pre-trained tokenizer. To han-
dle texts of varying lengths uniformly, we adopted
either a truncation or zero-padding strategy, result-
ing in a token sequence of length L. Subsequently,
each token sequence is inputted into the RoBERTa
model, which outputs a word embedding matrix of
dimension D, where D represents the dimensionality
of each word embedding. To align with the input
requirements of the convolutional network layers, ad-
justments are made to the output measurements of
the text embedding. Based on this, we constructed
a multi-branch text convolutional neural network in-
spired by the principles of deep CNNs.

The main components of the RoBERTa model
comprise multiple layers of Transformer encoders.

The self-attention mechanism is utilized to com-
pute the degree of association between each word in
the input sequence and the other words, generating
weighted representations. Initially, given the input
sequence X = {x1,x9,...,%,}, where n denotes the
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Shared representation Real-time processing

Fig.3: Our proposed early warning framework based on TIDCB model.
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Fig.4: The details of image feature extraction.

sequence length and each x; represents a word vec-
tor, three new sequences, @ = XWq, K = XWj and
V = XWy,, are obtained through linear transforma-
tions, where Wg, Wi and Wy are weight matrices.
Then, the similarity score matrix S = QK7 is com-
puted between @, K, and V, followed by scaling the
score matrix as S = \/id*k’ where dj, is the dimensional-
ity of the keys. Next, the softmax function is applied
to transform the similarity scores into the attention
weight matrix A = softmax(S). Finally, the weight
matrices are multiplied with the value matrix and ag-

gregated to obtain the self-attention output matrix.

QKT
@) W

The feed-forward neural network performs non-
linear transformations and combinations of the self-
attention outputs. In the Transformer, the feed-
forward neural network comprises two fully connected
layers interconnected by ReL.U activation functions.

Given the self-attention output matrix Y, it is flat-
tened into a vector vec(Y'). Then, through two lin-
ear transformations and the ReLU activation func-
tion, the intermediate representation is obtained as
formula (2), where W7 and Wy are weight matrices,
and by and by are bias vectors.

Attention(Q, K, V) = softmax <

FFN(U@C(Y)) = RELU(YWl + bl)W2 + by (2)

Finally, the intermediate representation is re-
shaped to match the shape of the self-attention out-
put matrix, yielding the output matrix of the feed-
forward neural network.

.
.

Pre-training

Multi-Head s

Attention

7 Position

Embeddings e
Position % .
Embedding =5

Token
Embeddings

Token
Embedding

Input
Inputs Sequence

"A man wears a salmon pink shirt with blue jeans and brown shoes. He carries a shopping bag. The person
approached the source of fire."

Fig.5: The details of text feature extraction.
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3.2.3 Our loss function

The loss function used in the original model
is Cross-Modal Projection Matching (CMPM)[24],
which focuses on enhancing the image and text by
minimizing the Kullback-Leibler (KL) dispersion be-
tween the projection compatibility distribution and
the normalized matching distribution defined by all
the positive and negative samples in the small batch
matching between images and text. Specifically, the
model first computes the normalized representations
of the image and text embedding vectors and then
performs a scalar projection to measure the similar-
ity between them - i.e., the more similar the im-
age features are to the text features, the larger the
value of their scalar projection. Next, the relation-
ship between sample pairs is identified by creating a
label mask, M; ; for each pair, where M;; = 1 indi-
cates that samples t and i have the same label, while
M;; = 0 indicates that they have different labels.
In addition, the model normalizes the matching dis-
tribution by computing the cross-entropy of the true
matching distribution. Finally, the CMPM loss be-
tween image-to-text and text-to-image is calculated
and returned.

The image-to-text CMPM loss can be expressed
as:

. . p(i,t)
L= _ > pli,t)log 20D (3)

Where p(i,t) denotes the probability that the im-
age matches the text under true matching and ¢(i, t)
denotes the probability that the image matches the
text under model prediction, both of which are com-
puted by the softmax function.

Similarly, the text-to-image CMPM loss can be ex-
pressed as:

- 1 p(t, i)
Lig; = Zt Zip(t’z) log q(t, 1) (4)

The total CMPM loss is then a summation of L;o;
and L;o; and can be expressed as:

Lcmp'rn - Li2t + lt2i (5)

In image-to-text embedding learning, the compu-
tation of matching loss usually involves two-way con-
siderations: on the one hand, image-to-text match-
ing loss emphasizes that the similarity between a
matched text and its corresponding image should be
significantly higher than the similarity between a mis-
matched text and that image; on the other hand,
text-to-image matching loss ensures that the text as-
sociated with a particular image is prioritized over
the irrelevant text in terms of order. The core goal
is to minimize the cosine similarity between pairs of
positive samples to achieve more accurate matching
in the embedding space of images and texts.

To further optimize the model performance, we in-

troduce Triplet loss[29] on top of CMPM loss, where
the goal of the triplet loss is to ensure that the dis-
tance between an anchor sample and a positive sam-
ple is smaller than the distance between that anchor
sample and a negative sample. Firstly, the distance
Dypositive between the anchor a and the positive sam-
ple p in the embedding space is computed, as well as
the distance Dyegiive between the anchor a and the
negative sample n. The distance metric we use here
is Euclidean distance.

This can be represented as follows:

S (- p)? (6)

Dpositive =

n

Dhegative = Zi:l(ai - ni)2 (7)

Where a;, p;, and n; represent the coordinates of
the i-th dimension of the anchor, positive sample, and
negative sample in the embedding space, respectively.
Then, the triplet loss is computed and returned based
on a given threshold value 6, which determines the
minimum distance between the positive and negative
samples. Proper selection of this parameter can fur-
ther optimize the model’s performance, as demon-
strated in the experimental section of Chapter 4. Fi-
nally, the triplet loss is defined as:

Lt'r‘iplet = maX(Dpositi'Ue - Dnegative +90, 0) (8)

The objective of the loss function is to mini-
mize the distance between samples of the same class
while pushing apart samples from different classes. If
Dpositive — Dnegative + 0 > 0, the triplet samples are
correctly arranged in the embedding space. Other-
wise, a non-zero loss value signifies that the arrange-
ment of triplet samples is incorrect and needs adjust-
ment through methods such as gradient descent to
minimize the loss function. Adding the Triplet loss in-
troduces new learning constraints to the model, facili-
tating the proximity of samples from the same class in
the embedding space while distancing samples from
different classes.

Thus, the total loss Loarpar—Tripiet is the sum of
the CMPM and triplet loss:

LCMPM—TTiplet = Lcmpm + Ltriplet (9)

Overall, the CMPM-Triplet loss function compre-
hensively considers the cross-modal matching rela-
tionship between images and text. The CMPM loss
focuses on enhancing the matching between images
and text by minimizing the KL divergence to opti-
mize the feature projection matching between the two
modalities. Meanwhile, the Triplet loss introduces
cross-sample triplet relationships to ensure that sam-
ples of the same category are closer to each other in
the embedding space while samples of different cat-



TIDCB: Text Image Dangerous-Scene Convolutional Baseline

egories are farther apart, thereby enhancing the ac-
curacy and robustness of cross-modal matching, as
shown in Fig. 6 . The CMPM-Triplet loss function
enables the model better to understand the complex
relationship between images and text, thereby im-
proving the effectiveness of matching tasks. More-
over, it exhibits strong generalization capabilities
when handling different datasets and tasks, which will
be further validated in our experimental section.

Positive Anchor Negative

Learning

o)
oﬂ o
@ A{)

i®

-
1

(a) CMPM loss. (b) Tripletloss.

Fig.6: CMPM loss and Triplet loss.

3.3 New Early Warning framework based on
TIDCB model

This early warning framework can be applied in
communities, streets, and shopping malls, as demon-
strated in Fig. 7. Any space can be artificially di-
vided into several areas, and similarly, in this study,
we have divided the floor space of a shopping mall
into zones ranging from Al to E5, which could corre-
spond to real-world divisions such as clothing, food,
and electronics areas. In each region, several cam-
eras are deployed with predetermined positions and
assigned numbers, as shown in Fig. 8. For example,
when a fire breaks out, our TIDCB model analyzes
the features of individuals and the surrounding envi-
ronment captured in the surveillance footage, gener-
ating textual descriptions and assessing the predeter-
mined risk levels. In this experiment, considering the
complexity of social behavior, we initially set “fire”
as a high-risk scenario, “water” as a medium-risk sce-
nario, and “grass” as a low-risk scenario. Upon de-
tecting a potential security incident in the mall, such
as “fire” from our TIDCB model, cameras B2, B3,
C2, and C3 quickly pinpointed C5 and its surround-
ing area, providing feedback to our alert framework.

In this instance, “a man” and “fire” are the learned
character and scene traits; more precisely, “A young
man with short hair wearing a black and white striped
sweater, black trousers and black-rimmed glasses is
very close to the source of the fire.” is the generated
text description. As a result, the warning system in
the mall broadcasts the following message: “High-risk
scenes appear in the C5 area. Please leave the C5 area
quickly.” The warning device indicates that individu-
als in each region respond swiftly, leaving the C5 area
and heading for the closest safe passage, as shown in
Figure (c). For instance, the warning “Please move
away from the C5 area and evacuate towards gate 17
would have been delivered to those in the B2 area. Al-

287

lowing individuals to flee without entering the danger
zone should reduce or prevent casualties.

4. EXPERIMENTS
4.1 Experimental setup

Datasets. We created a custom dataset called
CUHK-PEDES-DANGER in our work. It comprises
three parts: training, testing, and validation sets.
There are a total of 2,385 pedestrian examples, 19,080
images, and 38,160 text summaries in the training
and testing sets. Setting the “test_size” option to
0.076 randomly splits the data during training. This
meant that 7.6% of the whole dataset was used for
the testing set, and 92.4% was used for the training
set. The validation set contains 480 pedestrian in-
stances, different people from the training and testing
sets, 1,920 images, and 3,840 text descriptions, dis-
tinct from the data in the training and testing sets.
Each dataset has images and text explanations that
go with them. All the photos were processed and re-
sized to the same size of 384x128 pixels so that the
data would be consistent.

Implementation detail. This study conducted
model training on an RTX 3080 Ti GPU. We uti-
lized the PyTorch framework, employing torch 1.10.2,
torch_vision 0.11.3, Python 3.11, and CUDA 11.3.
The training process involves several key parameters
and practices, and we use Adam Optimizer, with a
learning rate of 0.003, reduced by 0.1 times after 50
cycles. Each training consists of 64 image-text pairs
to ensure efficient use of computing resources. The
model trained a total of 100 cycles, of which the initial
10 cycles were in the heating phase. Weight reduc-
tion is set to, and as needed, use multiple learning
rate reduction strategies, such as “Multi-step LR,”
“Step LR” or “Low LR on Plateau.” In addition, we
have an early stop mechanism that stops training if
val_rankl is not improved for 10 consecutive cycles.
Model checkpoints are kept regularly to capture opti-
mal performance based on verified accuracy. In order
to compare our method with others, we have further
selected TIPCB as the baseline model and compared
our method with their dataset.

4.2 Experiment of § parameters

Because the 6 in the CMPM-Triplet loss function
will have a certain impact on the experimental accu-
racy, it determines the minimum value of the distance
between the positive and negative samples. So we
have experimented with different 6 values, and from
the experimental results in Table 2, it seems that dif-
ferent 6 values do not affect the rank value too much,
so we took the middle value of 0.5 to carry out the
later experiments.
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Table 2: The effect of different 6 values in our model on experimental accuracy.

P Text to Image Rerank Image to Text Rerank
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
0.1 0.69218 0.87165 0.92965 0.48026 0.69389 | 0.90803 0.95539 0.44485
0.4 0.70110 0.87440 0.92519 0.48891 0.70076 | 0.92519 0.96568 0.44160
0.5 0.70590 0.87509 0.92656 0.48874 0.69732 | 0.92107 0.96156 0.43691
0.6 0.69286 0.87234 0.92965 0.48347 0.68909 | 0.92176 0.96156 0.43333
0.9 0.69218 0.87303 0.93342 0.48551 0.69046 | 0.92107 0.96362 0.44174

Table 3: Comparison of the CMPM loss with CMPM-Triplet loss(our loss) on the CUHK-PEDES-DANGER

dataset.
Loss Batch Text to Image Rerank Image to Text Rerank
size Rank-1 | Rank-5 | Rank-10 | mAP Rank-1 | Rank-5 | Rank-10 | mAP
CMPM 16 0.69357 0.85463 091891 | 0.40782 | 0.75112 | 0.91256 | 0.95217 | 0.38688
Ours 16 0.69389 0.87440 0.92896 | 0.49615 | 0.71723 | 0.92382 | 0.96019 | 0.45123
CMPM 64 0.73729 0.87108 0.92975 | 0.48866 | 0.75187 | 0.92676 | 0.96413 | 0.44818
Ours 64 0.73430 0.87818 0.92377 | 0.54840 | 0.73916 | 0.93199 | 0.96786 | 0.49812
] |
T ey ens # |
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]
Safety Exit oy Ip_ :p ? 4 [ (hy High risk(fire) & Medium risk(water) ol Low risk(grass) ]
#  People ad ofrT * - | | output
A\ Danger Symbol ’ ® " K—\ Description: A young man with short hair wearing a black and white striped sweater, black
5 4 L 4 " trousers and black-rimmed glasses is very close to the source of the fire.
anger Area Prompt: High-risk scenes appear in the C5 area, Please leave the C5 area quickily.

(c) Emergency floor plan of a shopping mall

(b) Early warning framework

Fig.7: Demonstration of our warning scheme in a shopping mall based on TIDCB model.

4.3 Comparison of loss functions

We conducted extensive experiments using the
CUHK-PEDES-DANGER dataset on both the
CMPM and CMPM-Triplet loss functions. In these
experiments, we particularly focused on the impact of
different batch sizes (16 and 64) on the performance of
“text-to-image” and “image-to-text” retrieval tasks,
especially when using re-ranking post-processing.

To validate the effectiveness of the CMPM-Triplet
loss, we conducted comparative experiments to as-

sess the performance of the CMPM-Triplet loss func-
tion against the original CMPM loss function. In
our experiments, we specifically examined the impact
of different batch sizes (16 and 64) on the perfor-
mance of “Text-to-Image” and “Image-to-Text” re-
trieval tasks, particularly when using post-processing
with re-ranking. The training accuracy of both loss
functions on the CUHK-PEDES-DANGER dataset is
illustrated in Fig. 9, showing that after 20 training
epochs, our loss function surpassed CMPM in accu-
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Fig.8: Demonstration diagram of camera distribu-
tion in a shopping mall.

racy and continued to improve, consistently outper-
forming CMPM after that steadily. Table 3 high-
lights the higher accuracy and scores of our loss func-
tion at a batch size of 64. This demonstrates that
our method exhibits stable and excellent performance
across various evaluation metrics. Moreover, our
method showed good robustness and flexibility when
adjusting for different batch sizes, which is crucial for
adaptability in real-world application scenarios.

50 —e— CMPM Loss
— OurLoss

Training Epochs
Fig.9: Comparison of mAP values between CMPM
Loss and CMPM-Triplet loss on the CUHK-PEDES-
DANGER dataset.
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Table 4: Comparison of the TIPCB model(baseline)

with TIDCBour model) on the CUHK-PEDES
dataset.
Method | TIPCB (baseline) Ours
Model ResNet50+BERT | ResNet50+RoBERTa
Structure Structure
Loss CMPM CMPM+Triplet
Rank-1 63.63 73.43(19.80)
Rank-5 82.82 87.82(15.00)
Rank-10 89.01 92.38(13.37)

4.4 Comparison of TIPCB and TIDCB

We conducted extensive experiments using the
CUHK-PEDES dataset on TIPCB and our proposed
model (TIDCB). The improvement of our model over
TIPCB lies in replacing BERT with RoBERTa and
introducing a novel loss function, CMPM-Triplet. Ta-
ble 4 presents the performance comparison of the two
methods on the original CUHK-PEDES dataset. It
can be observed that our model achieves higher scores
in Rank-1, Rank-5, and Rank-10.

4.5 Actual results on the CUHK-PEDES-
DANGER dataset

Table 5 shows how well the two models did on vali-
dation datasets in a comparison test. We chose exam-
ples from 52 sets of text and picture pairs to look at.
The matching rate for the TIPCB model was 71.15%,
and the matching rate for our model was 76.93%. Our
model made it by 4.78 percentage points higher than
the previous model. Our models are better at deal-
ing with complicated situations because they match
18 (34.62%) of the time, 19 (36.54% of the time), and
3 (5.77% of the time) in the top 1, top 5, and top 10
levels of matching. When there was a non-match, our
model had only 12 (23.08%) errors, while the TTPCB
model had 15 (28.85%) errors.

The results of validating our method are shown in

Table 5: Actual results on the CUHK-PEDES-DANGER dataset.

Method | Maich Result N tch Rate) O Cumlative Match Rate)
topl 22 (42.31%) 22 (42.31%)
TIPCB Match top5 10 (19.23%) 32 (61.54%)
top10 5 (9.61%) 37 (71.15%)
Mismatch 15 (28.85%) 15 (28.85%)
topl 18 (34.62%) 18 (34.62%)
Ours Match top5 19 (36.54%) 37 (71.16%)
top10 3 (5.77%) 40 (76.93%)
Mismatch 12 (23.08%) 12 (23.08%)
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Top1 Top2 Top3 Top4 Top5 Top6 Top7 Top8
0.8883 0.8874 0.8873 0.8859 0.8857 0.8855 0.8854

(a) Query Text: The man has on a grey and black striped shirt. He s wearing dark blue jeans. He is wearing white
shoes.

0.8877

0.8811

0.8851 0.8783 0.8850

0.8801

(b) Query Text: The man is wearing turquoise and white sweatshirt and black pant and carrying a red bag is
looking down. The person was making their way through the thick undergrowth.

0.8832 0.8819 0.8806 0.8805 0.8798 0.8796

.

0.8790 0.8788 0.8786 0.8785

s - o oM DNl AN A

(c) Query Text: This person has short hair and wears glasses, and is wearing a black and white striped neck sweate
blue jeans and white tennis shoes. The person approached the source of fire.

0.8806 0.8804 0.8803 0.8801 0.8796 0.8792 0.8787 0.8786 0.8786 0.8784

(d) Query Text: A person wearing a dark coat and dark pants with black and white tennis shoes. The person was
submerged below the water.

0.8973 0.8955 0.8954 0.8953 0.8935 0.8934 0.8933 0.8933 0.8929 0.8928

J‘E?

(e) Query Text: Slender Caucasian male with rediéh or auburn hair and black framed glasses. Carrying black
backpack and wearing bright blue t shirt with dark Gray shorts to knee and greyish athletic shoes without sock’s .
The person advanced towards the fiery center.

0.8921 0.8908 0.8907 0.8896 0.8893 0.8893 0.8884 0.8884 0.8882 0.8872

(f) Query Text: Wom wearing a white top with black strips with short sleeves, a black skirt, black tights and
shoes. The person was navigating through the dense vegetation.

an is

Fig.10: Typical retrieval results. The right match is the image with the red box. The number at the top of
each picture shows how similar it is thought to be to a given text query.
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Ground Truth Top1 Top2 Top3 Top4 Top5 Top6 Top7 Top8 Top9 Top10

0.8378 0.8376 0.8376 0.8370 0.8366 0.8362 0.8355 0.8353 0.8350 0.8349

(a) Query Text: A figure, facing away from us, dons a red hooded shirt matched with red pants and yellow boots.
The person approached the source of fire.

0.8483 0.8471 0.8463 0.8457 0.8455 0.8424 0.8422 0.8421 0.8417 0.8414

-

(b) Query Text: A man with white hair wearing blue T-shirts, black shorts, and dark sneakers.He has his back to us.
The person was half-submerged in the water.

0.8413 0.8395 0.8345 0.8338 0.8326 0.8322 0.8321 0.8316 0.8314 0.8311

(c) Query Text: A woman is wearing rose red short-sleeves, black shorts with white edges, and sandals on her feet,
with her back to us.The person was half-submerged in the water.

Real scene dataset Validation results

Fig.11: Verification results in real scenarios using TIDCB model.

Ground Truth Top1 Top2 Top2  Top3  Topd  Top5

ik Ty

|

(a) Query Text: The man is walking slowly and looking
to his left while wearing black slacks and a black tee shirt
with a white design

(c) Query Text: The man has short black hair. He is
wearing a short sleeve white shirt, and black pants. He is
carrying a black back pack. The person advanced towards
the fiery center.

(b) Query Text: The man is wearing a back shirt, black
pants, and black shoes. He is talking on a cellphone.
The person was half-submerged in the water.

(d) Query Text: The man is wearing a white wind
breaker with red and blue accents along the shoulder
line. He is carrying a messenger bag over one shoulder.
He wears black track pants and tennis shoes. The
person was pushing through the tightly packed
undergrowth.

Fig.12: Fuiled retrieval results. The green box represents some of the correct features identified.
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Fig. 10. Putting in a specific text query will show you
the top 10 image retrieval results. The pictures with
the red boxes show that the text matches correctly.
The numbers above each picture show the matching
scores, which show how similar the picture is to the
text description. Based on the results, it is clear that
our models can successfully retrieve the image of a
particular scene when text descriptions include spe-
cific scene features. Even though the results 7, 8, 9,
and 10 don’t show the scene elements that were di-
rectly asked for (like “fire source”), the characters in
them match what was described in the text queries:
“short,” “brown glasses,” “black and white clothes,”
“blue jeans,” and “white net boots.” This proof fur-
ther shows how well our model works even when it
is not in a specific scene and points to a very good
account of what happened.

Because our dataset comprises artificially gener-
ated images of hazardous scenarios using artificial
intelligence techniques, such hazardous scenes are
added to a real image, lacking real-world hazardous
situations. To test the possibility of applying our
method to real-world hazardous situations, we gath-
ered 50 images of real hazardous situations from the
internet as a validation set due to the scarcity of haz-
ardous images in real-world scenarios. The data we
gathered from the real world differs greatly from our
dataset. First, the hazardous scene differs from our
data; second, there is only one image per person, com-
pared to 8 images per person from different angles
in our dataset. We tested our model trained in our
dataset and applied it to this real-world data set. As
shown in Fig. 11, it can be observed that our model
is capable of detecting some hazardous situations in
the real world with a low accuracy, top 10 at 34%.
This is primarily attributed to the diversity of our
dataset. In the future, we aim to expand our dataset
and enhance its diversity to improve the accuracy of
the model.

Certainly, our model also exhibits certain limita-
tions, as illustrated in Fig. 12, which displays some
failure cases encountered during the validation pro-
cess. In these instances, the green boxes denote the
identified features. For instance, in the first group (a),
the query text describes a man walking slowly, look-
ing left, wearing black trousers and a black T-shirt
with white patterns. However, the images ranging
from “Topl” to “Top5” depict males wearing similar
attire, yet with varying postures and backgrounds,
failing to match the “real image completely.”

This is because our model heavily relies on the
quality and comprehensiveness of textual descrip-
tions; if the text descriptions are ambiguous or incom-
plete, our model’s performance may degrade. Sec-
ondly, the diversity in human appearance, attire, and
behavior can lead to a wide range of potential im-
ages, making it challenging for the model to find pre-
cise matches. Lastly, the model may not have been

trained on a sufficiently diverse dataset, lacking depth
in understanding complex scenes. These limitations
will be addressed in future studies further to improve
the performance and applicability of our model.

5. CONCLUSION

This study proposes a text-based warning frame-
work. Previous research on text-based descriptions
has primarily focused on pedestrian search by match-
ing images of pedestrian body parts to text, lack-
ing the search for pedestrians in dangerous scenar-
ios. This study aims to achieve rapid retrieval
of individuals in hazardous situations to prevent
or effectively respond to crises by matching en-
vironmental and pedestrian body part images to
text. Through improvements and expansions on the
CUHK-PEDES dataset, we constructed the CHUK-
PEDES-DANGER dataset, which includes various
hazardous scenarios, providing valuable resources for
research in this field. Our TIDCB model builds
upon the TIPCB model by integrating ResNet-50
and RoBERTa models to extract image and text fea-
tures and introduces a novel CMPM-Triplet loss func-
tion to achieve effective matching of cross-modal fea-
tures. On the validation dataset, our model out-
performs TIPCB with a matching rate of 76.93%,
an improvement of 4.78% compared to TIPCB, and
demonstrates significant advantages in handling com-
plex scenarios.

In the future, we can add more types of images
of dangerous scenes to the dataset based on differ-
ent use cases so that it can handle a wider range of
hazardous scenes. At the same time, our system is
flexible enough to work with different languages. It is
currently focused on English, but its structure means
it can be changed to work with other languages in the
future if needed.

Finally, we will look at how the framework can be
connected to video security and emergency response
systems that are already in place to help make com-
munities smarter and safer.

The source code and dataset for this study can be
found at https://github.com/Zfofo/TIDCB.
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