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Abstract

This paper presents EventCAP, i.e., event-based cap-
tions, for refined and enriched qualitative and quantita-
tive captions by Deep Learning (DL) models and Vision
Language Models (VLMs) with different tasks in a comple-
mentary manner. Indoor and outdoor images are used for
object recognition and captioning. However, outdoor im-
ages in events change in wide ranges due to natural phe-
nomena, i.e., weather changes. Such dynamical changes
may degrade segmentation by illumination and object shape
changes. This increases unseen objects and scenes under
such adverse conditions. On the other hand, single state-
of-art (SOTA) DLs and VLMs work with single or limited
tasks, Therefore, this paper proposes EventCAP with cap-
tions with physical scales and objects’ surface properties.
Moreover, an iterative VOA model is proposed to refine in-
complete segmented images with the prompts. A higher se-
mantic level in captions for real-world scene descriptions is
experimentally shown compared to SOTA VLMs.

1. Introduction

Segmentation has become an important task for real-
world applications by Image Processing, and Computer Vi-
sion (CV), Deep Learning (DL) [26, 25, 44, 8, 5, 40, 13,
20, 22]. Since a number of cameras are increasingly im-
plemented everywhere, segmented objects, i.e., things and
stuff, are used for multi-purposes, i.e., surveillance, auto-
driving, navigation, and mobile phone. Unlike indoor uses,
more robustness and stability are required to segmentation
models for outdoor uses. In outdoor scenes, objects, time-
varying illumination, i.e., sunbeams, noise, and natural phe-
nomena, i.e., weather conditions, are usually unknown.
Moreover, normal events, i.e., traffic accidents and disaster
events, are unpredictable. We call these dynamic changes.
Elements of such dynamic changes have been dealt with by
state-of-the-art (SOTA) methods, i.e., Derain, De-raindrops
[29, 46], Defog, and Dehaze [14, 21, 45, 9, 27]; however,

most element removers for rain streaks, fog, and snow-
fall are mainly effective in synthetic images. As shown in
33, 34], such SOTAs fail to deal with real heavy fog and
snowfall events. In response to these events, road conditions
are also impacted, showing dry, wet, and snow. Moreover,
unpredicted disaster and traffic accident scenes can happen.

Human drivers have to pay attention to road scenes with
various adverse conditions. On the other hand, auto-driving
relies heavily on cameras and sensors, where segmenta-
tion plays an important role in visually determining the best
routes. However, DL-based SOTA segmentation models are
insufficient to recognize them, i.e., part of objects or no ob-
jects. Recently, Vision Language Models (VLMs) [1, 6]
have come to improve previous performance of DL-based
SOTA segmentation models [41, 4, 49]. It is known that un-
seen images that have not been pretrained have been recog-
nized much better than only CV or DL models. VLMs are
pre-trained on large datasets [30, 28, 19]. Since it is hard to
train VLMs from scratch, fine-tunings on smaller datasets
have been conducted. By this, VLMs can be utilized to save
time and resources in various applications.

In VLMs, diverse and out-of-distribution data for pre-
training and evaluation are used [10]. Prompt learning to
adapt VLMs to new tasks without fine-tuning is also shown
[12]. Contents of captions have been enhanced for bet-
ter descriptions of real-world objects [6]. However, single
VLMs are often insufficient for dynamic changes, i.e., dis-
aster scenes, [39] even by fine-tunings. The main reason for
this difficulty is due to camera image-based post-disaster
object recognition for dirt, water, and rocks. Due to heavy
rainfall and snowfall, traffic accidents are also caused on
roads. Therefore, uncountable unseen objects can appear
on roads. Domain adaptation segmentation [42, |1] may
be another approach to cope with such post-disaster scenes.
However, it requires a manual selection of the optimal pre-
trained model.

Many efficient VL models without retraining for unseen
images have been introduced [1, 6, 16, 18, 37, 38, 51, 30,
36, 35]. However, laborious and time-consuming tasks re-
main unsolved in pretraining VLMs.
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Another approach would be to apply Visual ChatGPT
[43]. It can produce acceptable results on the general scene
and unseen classes. However, since Visual ChatGPT [43]
has been trained on the limited data of the year 2021, it
generates captions under older datasets. So far, Visual Chat-
GPT [43] is weak at generating dynamic scene descriptions
like weather and road conditions.

In order to better understand post-disaster and traffic ac-
cident scenes, captions from SOTA VLMs cannot describe
complicated scene changes only by the combination of seg-
mented objects. Since the natural phenomenon is impacted,
physical scales cannot be ignored. For example, physical
scales are helpful for rescuing people and recovering dam-
aged regions. Geometric reasoning or depth estimation to
infer 3-D information from 2-D images [47, 48] is shown
using 3D point-cloud data and indoor scenes. However,
few papers report captions with physical scales in outdoor
scenes.

To this end, this paper proposes EventCAP with com-
plementary DLs and VLMs under adverse conditions us-
ing single images. EventCAP consists of seven modules,
i.e., Deep Visual Language Classification (Dvlc), Deep Vi-
sual Language Segmentation (Dvls), Deep Road condi-
tions (Droad), Deep anomaly (Danomal), Deep snowfall
(Dsnow), and VQA. The branched architecture allows us to
maintain and upgrade each of multiple modules efficiently.
Contributions of this paper are fourfold:

1. Multiple vision language and Transformer-based Deep
Learning (DL) models with branched structures for
efficiency in light of memory, training, and mainte-
nance. Danomal excludes difficult images, i.e., lens
reflection, to stabilize the overall system. Due to enor-
mous datasets of VLMs, Dvls, and Dvlc are fine-tuned
VLMs from SOTA models for segmentation and clas-
sification, respectively.

2. Refined and enriched captions are generated from sin-
gle images. It is the first time for such captions to
contain dynamic changes under adverse weather con-
ditions, i.e., weather conditions by Dsnow, and road
conditions by Droad. Unseen images like adversar-
ial weather and disaster conditions can be dealt with.
Moreover, more specified scene descriptions of disas-
ter events are shown.

3. Iterative VQA is proposed to enhance answers and seg-
mented images as compared with one-time VQA. This
looping at VQA is effective whenever adverse images
are used.

4. Many experimental results show the superiority of
the proposed EventCAP over SOTA DL models and
VLMs. The proposed EventCAP will help notify spec-
ified scene descriptions, i.e., more quantitative texts, to

drivers, auto-driving, and rescue workers from camera
images.

2. Proposed Method

This section describes the proposed EventCAP
method/system to refine and enrich captioning and
classes from a single image input. In particular, this paper
introduces a dynamic caption by a physical scale that
cannot be pre-trained in a vision-language model.

To realize this, SOTAs in segmentation and vision-
language models face their limits. Therefore, instead of us-
ing only vision models or a single vision-language model,
this paper proposes a new architecture that integrates multi-
ple Deep Learning and vision-language modules. Figure |
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Figure 1. Overview of the proposed EventCAP model.

shows an overview of the proposed EventCAP.

Since this paper deals with many challenging scenes with
disasters and car accidents, adversarial conditions are con-
sidered. And a Danomal-like DeepReject in [34, 33, 31]
is proposed to avoid the degradation of the cascaded other
recognition modules. Further detailed explanations of the
multiple modules will be given in Sections 2.1 to 2.4.

2.1. Proposed Dvlc and Dvls

Dvlc is a vision-language model trained on image and
text pairs that can predict the most relevant text given an
image. It does not need to be directly optimized for this
task and can perform “zero-shot” learning like GPT-2 and
-3. Dvlc matches the performance of the original ResNet50
on ImageNet “zero-shot” without using any of the original
1.28M labeled examples, which is a significant accomplish-
ment in Computer Vision.

Dvlc utilizes the input texts of five distinct disaster cate-
gories: car crashes, flooding, fog, landslide, and rain. Tai-
lored textual input descriptions are employed for each dis-
aster category to enhance natural language processing tech-
niques in analyzing disaster-related data. These scenes are
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associated with domain-specific terms such as pedestrian,
airplane, debris flow, and eruption to improve the accuracy
of automated disaster detection and classification.

Dvls is proposed to obtain semantic segmentation of
these scenes. Dvls is finetuned from OvSeg [23] by adding
a new physical constraint to the loss function. To obtain de-
scriptions of disasters for the Dvlc, a classification task is
performed using keywords corresponding to each disaster
scene. These texts are used to generate text descriptions of
the disasters that are fixed for each type of scene.

Therefore, since Dvlc and Dvls recognize texts and seg-
mented objects from a single image, this paper proposes to
combine respective outputs.

2.2. Droad and Proposed Dsnow

This section discusses Droad and proposed Dsnow. Un-
like SOTA papers in DL models and VLMs, this paper aims
to generate dynamic scene changes with the weather con-
ditions, i.e., rain, snow, and fog, and road conditions, i.e.,
dry, wet, and snow. Droad [33] is applied for further de-
tailed classes of segmented objects. Dscene [33, 34] is also
applied to ensure snow conditions.

In Droad [33], and Dscene [33, 34, 32], Swinformer [25]
is trained from over 7500 winter road images. It is noted
that since publicly available annotation datasets are insuffi-
cient, various weather and road scenes from different coun-
tries under adversarial conditions have been collected and
used to train. The proposed Dsnow employs a transformer-
based classifier trained on images captured during adverse
weather conditions to estimate the level of snowfall. Our ex-
perts captured and labeled all the images used in the afore-
mentioned DL models.

2.3. Proposed Iterative Caption Refinement

This section describes the VQA loop, which refines cap-
tions based on segmentation results from a VLM. As shown
in Figure 2, for the same event, using different prompts
leads to different segmentation results. Therefore, looping
through all prompts from pre-defined Dvlc output is needed.
The process of the loop between VQA and Dvls is depicted
in Figure 3. The prompts of objects/events are from a list of
synonym words. Among these words, the answer with the
highest cosine similarity score is selected. Figure 3 shows
an example with a step-by-step of the VQA loop process.
The templates used is "Are there O?”. Where O are objects
in the scene.

2.4. Caption Refinement

The caption refinement process involves utilizing a large
language model (LLM) which incorporates the segmenta-
tion outcomes from Dvls and the captions generated by
VQA. The output of Dvls comprises semantic segmenta-
tion along with corresponding locations and descriptions,
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Figure 2. Results of proposed Dvls with different prompt: (a) car
accident” . (b) “car crash”

Question: Are there + {object}+
on image?
Answer:

+Yes: add object to extra class
in prompt of Dvls

+No: Exclude {object} from
caption

' List of objects

Figure 3. Overview of VQA loop.

car, van, traffic jam,
truck, wet, accident

Are there accident?

Traffic jam on dry road
under clear scene

Figure 4. Query loop VQA and segmentation.

expressed in a language-based segmentation format as a list
of {object description: bounding box of the object in pix-
els}. VQA contributes additional descriptions that capture
the overall dynamic conditions, including adverse weather
conditions, to provide contextual information for the LLM.
The final result of caption refinement is an enriched caption
that encompasses information about road conditions, and
object size. The LLM used in caption refinement can de-
termine the physical size of a standard object based on the
segmentation results, even with just the object’s name.



3. Experiments and Discussion

3.1. Refined Semantic Segmentation by Prompt En-
gineering

This section denotes the proposed Dvls and how to
obtain the final refined captions using prompt engineer-
ing. The prompt for each scene is pre-defined as a list
of words, i.e., (1) car crashes: [“pedestrian”,“car”, “car
crash”, “road”, “bike”, “tree”]; (2) flooding: [“water”,
“car”, “person”, “tree”, “sky”]; (3) fog: [“foggy”, “moun-
tain”, “road”, “car”, “wet”]; (4) landslide: [“landslide”,
“debris flow”, “rocks”, “road”, “dirt”]; (5) rain: [“water”,
“rain”, “umbrella”, “road”, “person”]. Prompts for Dvls
model are selected based on the classification results from

Dvlc and the aforementioned pre-defined texts.

Figure 5 illustrates the effectiveness of our approach on
images with foggy and traffic accident scenes. (a) shows
the input images, while (c) displays the segmentation re-
sults generated by the transformer-based SOTA segmen-
tation model, i.e., Mask2former [2], which shows generic
classes, i.e., “sky-other-merged”, and “water”. (b) presents
improved segmentation results and achieved prompt engi-
neering, which provides more detailed semantic segmen-
tation results, i.e., more detail from sky-other-merged” to
“foggy” for the foggy scene and from “tree-merged” to “fell
tree” for the disaster scene. It has been demonstrated that
prompt tuning for Dvlc is helpful for achieving precise seg-
mentation results under dynamic conditions.

(a) ' (b) (©
Figure 5. Results of segmentation by SOTA and proposed Event-
CAP: (a) Original image. (b) Proposed refined semantic segmen-
tation. (c) Mask2Former [2].

3.2. Dynamic Captions with Weather and Road
Conditions by Droad and Proposed Dsnow

This section conducts experiments to create more in-
tricate captions by considering various weather conditions
along with traffic and disaster scenes. The comparison in-
volves the utilization of the proposed Dsnow and Droad
models in contrast with a SOTA VL captioning model,
BLIP [17].

Figure 6 shows six scenes. As a result, road condi-
tions by Droad (1)-(6) are wet in blue and snow in yel-
low. Dsnow’s indicators (3)-(6) present light to heavy snow-
fall. Dvlc recognizes overall scene objects like mountains,
rivers, rocks, sky, and trees. Therefore, the road condition
and visibility distance have been included in the captions of
Dvlc.

Table 1 shows a comparison of the refined captions and
a SOTA BLIP [17] result using six scenes of Figure 6. The
comparison results show that a refined caption is detailed
about the scene by adding road conditions, snowfall sta-
tus, location of objects, and exact visibility in meters. Be-
sides, the caption from BLIP lacks a description. The result
has proven that the proposed method integrating Droad, and
Dsnow outperforms single VLM, i.e., BLIP [17].

Table 1. Comparison between the enhanced captions and BLIP’s
caption result.

Proposed method BLIP [17]
) muddy road with fallen trees a fallen tree sitting on top
without snowfall of a muddy road

Two people are crossing street
under snowfall
cars on snow road under
light snowfall

two people walking on
the snow covered road
a car is driving down a
snow covered road
two people walking down a
snow covered street
a snow covered SUV driving
down a snow covered road
a black and white photograph
of a snowy city

@
©)

(4) | two people walking under snowfall

a SUV on side of road under
heavy snowfall
snow covered road
under heavy snowfall

®

©)

5 6
Figure 6. Results(o)f proposed Dvls with reﬁne((i zmd enriched cap-
tions in dynamic scenes: (1) Muddly road. (2) Heavy snowfall at
night. (3), (4) Daytime light snowfall. (5) Car on the side road
under heavy snowfall. (6) Heavy snowfall on the highway.
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4. Ablation study
4.1. Caption Refinement by Dvls

To show the usefulness of refined Dvls, many unseen dis-
aster scenes that have not been pre-trained are used to seg-
ment with classes. As shown in Figure 7 (a), images present
disaster events. Two SOTAs of (¢) MaskDINO [15]. (d)
OVSeg [23] are compared.

As a result, Table 2 summarizes classes of (b) proposed
Dvls and (¢), (d) two SOTAs. In (1), a track (c) or boat (d)
has been annotated, whereas the proposed Dvls have refined
to “car crash” over water (b). In (2)-(5), snow to water,
landslide to rocks, pavement to rain, and tree to strong wind
have been annotated by (b) the proposed Dvls, respectively.

Therefore, refined texts from SOTAS’ texts could en-
hance original to higher semantic texts. In particular, (5)
tree (c) is normal segmentation, but strong wind (b), (d)
stands for intuitive weather conditions as humans may an-
nounce. When combined with location prompts, Dvls can
label segmented objects more semantically. Therefore, it
has been proven that the proposed Dvls with texts will play
an important role in messaging heavy disaster events more
clearly than SOTASs’ texts.

@

3)

“)

(©)]

. 7 i i <) 5>E‘ = -t b

(a) (b) © (GH)
Figure 7. Comparison of the proposed method, MaskDINO [15],
and OVSeg [23] (a) Input image. (b) Proposed Dvls. (c)
MaskDINO [15] (d) OVSeg [23].

Table 2. Comparison of classes by SOTAs and proposed Dvls.

Image SOTA Proposed
(1) table, chair fell chairs
(2) SNow, rain water
3) rock-merged, rain landslide
(4) couch couch, broken area
(5) tree-merged, typhoon strong wind

4.2. The Comparison of Refined Caption and SOTA
Image Captioning Model

This section describes a comparison of these integrated
models to online image captioning API, i.e., visual Chat-

GPT [43], Midjourney, Img2prompt, and ClipIntegrator.
Figure 8 presents a comparison between two approaches:
(a) visual ChatGPT [43] caption results and (b) finally re-
fined segmentation of the proposed with consideration of
the relative size and location of objects. The comparison
reveals that visual ChatGPT [43] only provides an overview
of scene descriptions with no physical scales. On the other
hand, the proposed model presents more detailed physical
scales of sizes and locations for accident events. Thus, the
proposed method has proven capable of handling dynamic
captions. More refined and enriched captions by the pro-
posed model have been generated for such traffic accident
scenes than visual ChatGPT [43].

As depicted in Figure 9, the novel approach results in
captions that encompass augmented information. This in-
cludes specific details , i.e., the road condition being either
wet or dry, the presence of road damage due to debris flow
or traffic jam, and the scene without snowfall. In contrast,
when compared to alternative online API tools these en-
riched captions offer more specialized insights beyond just
general descriptions.

Visual ChatGPT: a car that is upside
on the side of the road

Final refined caption: car crash with
size of (1.7m, 1.3m) and is off road.

Visual ChatGPT: cars are stuck in a
flooded parking lot in houston, texas,
on monday, june 6

Final refined caption: car crash with
size of (16.25m, 8.92m) and is on
road

Visual ChatGPT: the scene of a fatal
crash on the highway in the state
Final refined caption: car crash with
2 size of (5.3m, 26.1) on water and side
road.

Visual ChatGPT: a road with car on it
Final refined caption: car crash with
size of (1.52m, 1.25m) is on the side
of road.

(a) (b) (©
Figure 8. Comparison of image captioning between visual Chat-
GPT and the proposed method: (a) Input image. (b) Refined seg-
mentation by the proposed EventCAP. (c) Captions from visual
ChatGPT and the proposed EventCAP.

4.3. Overall Evaluation of the Proposed Dvls

This section describes an experiment that evaluates the
performance of Dvls using the Intersection Over Union
(IoU), a metric for evaluation of segmentation, and is con-
ducted on ADE20k dataset [50], and COCO dataset [24].
The results is compared with SOTA VL models for segmen-
tation, i.e., ZegFormer [3], and OpenSeg [7]. Table 3 show
that Dvls outperforms ZegFormer [3], and OpenSeg [7].

Table 3. The performance of Dvls and compare with ZegFormer
[3], and OpenSeg [7].

model dataset ADE20K [50] COCO [24]
Dvls 22.3 27.1
OpenSeg [7] 21.1 26.5
ZegFormer [3] 16.4 25.1
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wet road has been damaged
by debris flow under clear
. scene.

Midjourney : abandoned highway which has been damaged by debris.
Img2prompt :

CLIP_Interrogator : road with a mountain in the background and a river running
through it

VisualChatGPT : a road that has been completely blocked by water. It appears to be
a flooded street with no way to pass.

The proposed

T method: Traffic jam
& ©on dry road under

clear scene.

Midjourney: crowded roads with many cars on them.
Img2prompt:

CLIP_Interrogator : packed traffic on a busy highway with a bridge in the
background

VisualChatGPT : A busy highway filled with cars and trucks. There are multiple lanes
of traffic, and the vehicles are moving quickly.

Figure 9. Comparison of vision-language models between online
API tools and the proposed method.

5. Conclusion

This paper proposed EventCAP, a novel approach uti-
lizing multiple complementary DL and VLM models fea-
turing branched structures for enhanced efficiency in terms
of memory, training, and maintenance aspects. This work
marks the first instance of incorporating dynamic changes
into captions under adverse weather conditions, encompass-
ing factors like weather conditions and road conditions.
EventCAP holds the potential to offer detailed scene depic-
tions to drivers, autonomous driving systems, and rescue
workers from camera images.

A 2D physics-based loss function will be ap-
plied to enhance captions further semantically. More-
over, additional modules such as water level estima-
tion, enhanced road condition estimation, and traffic
jam detection will be integrated for more detailed cap-
tions.
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