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Abstract—Traffic signs play a key role in assisting autonomous
driving systems (ADS) by enabling the assessment of vehicle
behavior in compliance with traffic regulations and providing
navigation instructions. However, current works are limited to
basic sign understanding without considering the egocentric
vehicle’s spatial position, which fails to support further regulation
assessment and direction navigation. Following the above issues,
we introduce a new task: traffic sign interpretation from the ve-
hicle’s first-person view, referred to as TSI-FPV. Meanwhile, we
develop a traffic guidance assistant (TGA) scenario application
to re-explore the role of traffic signs in ADS as a complement to
popular autonomous technologies (such as obstacle perception).
Notably, TGA is not a replacement for electronic map navigation;
rather, TGA can be an automatic tool for updating it and
complementing it in situations such as offline conditions or
temporary sign adjustments. Lastly, a spatial and semantic
logic-aware stepwise reasoning pipeline (SignEye) is constructed
to achieve the TSI-FPV and TGA, and an application-specific
dataset (Traffic-CN) is built. Experiments show that TSI-FPV
and TGA are achievable via our SignEye trained on Traffic-
CN. The results also demonstrate that the TGA can provide
complementary information to ADS beyond existing popular
autonomous technologies.

Index Terms—Traffic sign interpretation, autonomous driving,
intelligent transportation, egocentric vision.

I. INTRODUCTION

ISION-based autonomous driving requires perceiving the

road environment around vehicles to support decision-
making regarding driving plans. Traffic signs (including guide
panels, symbols, and text), key components of the road scene,
contain traffic regulation and navigation information, which
helps formulate a driving plan that adheres to road driving
criteria. Traditional traffic sign-related methods primarily fo-
cus on the basic traffic symbol (such as the speed limitation
and no parking symbols) detection and recognition [1]], [2]].
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Fig. 1: Illustration of the SignEye, where the TSI-FPV part
interprets sign units as structured descriptions and assigns
them to different roads and lanes in egocentric relative position
definition (EgoRPD), where ”C” for current, "L” for left,
”R” for right, and ”A” for all lanes or roads. The TGA
part combines the descriptions with vehicle attributes and a
route graph to achieve traffic regulation assessment (e.g., speed
limitations, lane restrictions, etc.) and direction navigation.

Although recent approaches [3]-[5]] attempt to combine traffic
symbols and texts for comprehensive understanding, the lack
of consideration for the egocentric vehicle’s spatial position
makes them hard to establish a connection between sign
information and the vehicle. It leads to current methods still
struggling to support autonomous driving systems (ADS) for
traffic regulation assessment and direction navigation.

Based on the above observations, we propose to interpret
traffic signs from the vehicle’s first-person view (TSI-FPV)
to assist ADS in decision-making. Specifically, as shown in
Figure (I} TSI-FPV firstly generates a description for each
traffic sign unit (a sign set, which includes multiple symbols
and texts that need to be combined together to interpret
complete traffic information) according to the Road Traffic
Signs and Markings Criteria. The interpretation process from
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Fig. 2: TGA estimates the structured sign descriptions in EgoRPD the vehicle attribute and route graph for achieving traffic

regulation assessment and direction navigation respectively.

a sign unit to a description organizes semantic logic among
signs within a unit accurately and naturally. It ensures reliable
sign-understanding results. Meanwhile, the description-styled
output enjoys intuitional and structured sentence patterns,
which makes it easier for ADS or human drivers to take in to
further assist in driving plan decision-making. TSI-FPV then
distinguishes road and lane markings from the vehicle’s first-
person view. Lanes within one road are labeled as left (‘L),
current (‘C’), and right (‘R’), where the label ‘C’ indicates
the vehicle’s located position from an egocentric view, label
‘L’ and ‘R’ are defined according to the determined label
‘C’. Similarly, roads are labeled in the same way. Compared
with the normal absolute strategy (determining the positional
order of all lanes or roads from left to right), the introduced
egocentric relative position-definition (EgoRPD) strategy only
requires considering lanes around the vehicle, which avoids
the recognition interference brought by perspective distortion
of the distant lane and can provide adequate adjacent lane
information for single-step lane change (a recommended prac-
tice under Road Traffic Safety Law) decision-making process
at the same time. Lastly, TSI-FPV distributes the descriptions
of all sign units in the image to different roads and lanes
based on the analysis of the spatial relationship between units,
roads, and lanes and the directional information involved in
the descriptions. Notably, on the current road, a description is
labeled as ‘A’ if the corresponding sign unit regulates all lanes
instead of a specific one lane.

Meanwhile, to re-explore the role of traffic signs in ADS,
a traffic regulation assistant (TGA) is developed in this paper
(as visualized at the bottom of Figure 2). TGA introduces
vehicle attribute and route graph into the driving plan decision-
making process, where the vehicle attribute consists of dy-
namic (vehicle speed) and static attributes (the type, size, and
weight of the vehicle), and the route graph contains all latent
waypoints along the travel route from origin to destination.
In decision-making, TGA estimates the information between
TSI-FPV output and the vehicle attribute and route graph for
achieving traffic regulation assessment (e.g., speed limitations,
lane restrictions, etc.) and direction navigation (lane change

and road change) respectively.

Furthermore, to achieve TGA, a stepwise reasoning pipeline
(SignEye) is constructed, which decomposes a complex spatial
and semantic logic reasoning task into a series of intuitive
problems. With decomposition problems, SignEye analyzes
semantic logic among signs more accurately to generate
structured descriptions for the TSI-FPV task without a hal-
lucination problem. It also can understand the spatial logic
between the descriptions and lane and road more easily for
further reasoning the driving plan in the TGA. Meanwhile,
compared with the previous three steps (involving detection,
classification, and natural language processing)-based traffic
sign interpretation methods, SignEye avoids heavy dependence
on a complex training process and plenty of difficult-to-
obtain intensive symbol and text ground-truth data. It combines
these three steps into a single process, which considers sign
interpretation as image description and can be directly trained
using the description of sparse sign units. Besides, considering
the absence of a large available dataset to train SignEye, we
build a semi-automatic data engine to generate TSI-FPV and
TGA corresponding datasets, namely Traffic-CN, to fulfill the
research and evaluation in this field. The contributions of this
work can be summarized as follows:

1) The traffic sign interpretation task from the vehicle’s
first-person view (TSI-FPV) is introduced to provide
sign descriptions with egocentric positional information
for ADS. Additionally, a TSI-FPV-based traffic guidance
assistant (TGA) scenario is developed to re-evaluate the
role of traffic signs in supporting ADS decision-making
for driving plans.

2) A stepwise reasoning pipeline, called SignEye, is con-
structed to improve semantic logic analysis among signs
and to determine spatial relationships between sign
units, lanes, and roads, effectively facilitating TSI-FPV
and TGA. Notably, it simplifies the previously multi-
step sign interpretation process into a single-step image
description, allowing it to be trained directly on sparse
descriptions without intensive symbol and text boxes.

3) The TSI-FPV and TGA corresponding dataset (Traffic-
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CN) is built. It fulfills the research evaluation and
scheme verification in the field of applying traffic signs
in ADS. Meanwhile, Traffic-CN will promote the devel-
opment of the traffic sign community.

The rest of the paper is organized as follows. Section
introduces the related works on traffic sign recognition method
and dataset. Section and Section describe the overall
framework and Traffic-CN dataset. The experimental results
are discussed in Section |V| Section concludes the paper.

II. RELATED WORK

SignEye is constructed based on sign-related expert models
and vision-language models (VLMs). In this section, we
review previous methods to provide a clearer understanding
of the framework and its advantages.

A. Traffic Sign-Related Method

Previous works on traffic signs primarily pay attention
to basic symbol detection and recognition. Initially, deep
object detection frameworks [[6]-[8]] made the task of locating
symbols from scene images and recognizing them [1f], [9]],
[10] achievable. However, traffic signs always convey com-
plex instructions via the combination of symbols and texts
with different layouts and color styles, which would lead to
information omission and even misunderstanding (e.g., the
combination of speed limitation symbol and lane information)
if relying merely on symbols.

Following the above considerations, recent works [3[ at-
tempted to achieve a comprehensive sign understanding.
Specifically, Guo et al. [3]-[5] detected and recognized sym-
bols and texts by optical character recognition models [11]]—
[14]. Then symbols and texts were combined according to
the analysis of the corresponding layout. Further, the authors
proposed a traffic knowledge graph in [4]], [15], where roads
and lanes were considered in the understanding process. To
describe signs more intuitively, Yang et al. [5] formulated
the traffic knowledge graph as a natural language descrip-
tion. Although these methods achieve a comprehensive sign
understanding, the lack of consideration for the egocentric
vehicle’s spatial position makes them hard to provide adequate
information support to ADS.

B. Vision-Language Model

Traffic-sign understanding is formulated as an image-to-text
task over VLM in this paper, which avoids a complex training
process and plenty of difficult-to-obtain intensive symbol
and text data. Recently, a representative model (CLIP) [16]
was designed by OpenAl, which trained two encoders via a
contrastive learning strategy for the mutual representation of
text and image features. BLIP [[17], [18] proposed to unify
vision-language understanding and generation for achieving a
wide range of vision-language tasks. MiniGPT4 [[19] enhanced
the model capability to achieve those vision-language tasks by
bridging between visual modules and LLMs. LLaVA [20] and
LLaVA1.5 [21] had further achieved significant progress by
equipping themselves with more advanced LLMs.

Since input image resolution is an important factor for
VLMs improving their capabilities to describe images, a lot
of researches concentrate on resolution improvement. Qwen-
VL [22] increased the input resolution that supports encod-
ing to 448. Fuyu-8B [23]] adopted different-sized images as
pre-training supervision signals, which helped OtterHD [24]
further improve the image resolution. Monkey [25] ensured
high resolution by extracting global features from the original
image along with fine local details. To achieve a better descrip-
tion for an image with multiple varied objects, GeoChat [26]],
RegionGPT [27]], and ASM [28]], [29] formulated region-level
description as an image-level detailed interpretation. However,
such general-domain VLMs perform poorly for first-person
view traffic sign scenarios, leading to inaccurate or superfluous
and irrelevant information when presented with traffic sign-
specific queries. Such a behavior emerges due to the unique
challenges introduced by traffic sign interpretation of the
vehicle’s first-person view.

III. METHOD

In this paper, a stepwise reasoning pipeline (SignEye) is
constructed to achieve TSI-FPV and TGA. We will describe
the details of SignEye in this section.

A. Overall Pipeline of SignEye

Existing representative VLMs (such as BLIP2 [18],
MiniGPT-4 [19], LLaVA [20], Qwen-VL [22], Yi-VL [30],
DeepSeek-VL [31]], Intern-VL [32]], MiniCPM [33], Mon-
key [25]) focus on pre-training their models on large datasets
and aim to achieve a strong ability on general image descrip-
tion. However, the generated description from them is either
too long or too short for the introduced TSI-FPV task, which
leads to information redundancy or omission and further in-
terferes with the final decision-making about the driving plan.
Besides, the understanding of the latent spatial and semantic
logic among signs and the position information around the
vehicle’s first-person view is important for TGA. Specifically,
it is found that different traffic signs always correspond to
different lanes and roads, which means the determination
of the current vehicle’s lane and road locations is essential
for interpreting traffic sign information to provide support
for automatic driving decision-making. Based on the above
observation, we start from the first-person view of the driving
vehicle to identify the corresponding lane and road locations
and build a connection between the location and the traffic sign
through the proposed EgoRPD strategy by explicitly modeling
the positional information of both entities and the geometric
relationship between them. This helps our method achieve a
strong ability to interpret traffic signs when combined with the
corresponding location information. However, existing VLMs
take the whole image as input and interpret traffic signs
directly without analyzing the relationship between the vehicle
location and traffic signs, which makes it hard for VLMs to
identify the correct sign that matches the vehicle’s location and
leads to information deficiency in automatic driving decisions.
As a result, even when these models are well-trained for
describing general images, they struggle to accurately transfer
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road) regions as input to generate structured sign descriptions in EgoRPD and combines them with vehicle attributes and route

graphs to achieve the TGA scenario, automatically.

traffic sign units to structured descriptions from the first-person
view. This limitation affects the models to effectively assist in
driving plan decision-making.

To this end, our SignEye takes a road image from the
vehicle’s first-person view, and object (sign, lane, and road)
regions as input to generate sign unit descriptions and com-
bines them with vehicle attributes and route graphs to achieve
the TGA scenario, automatically. It can assist ADS as a
complement to current popular autonomous technologies (such
as obstacle perception [34]-[36]) to provide extra traffic-sign-
based traffic regulation assessment and direction navigation
assistant beyond current popular technologies. Specifically, as
shown in Figure3{a), SignEye adopts several advanced models
as components and follows multiple steps to achieve TSI-FPV
and TGA:

Region proposal generation. SAM and expert models
(i.e., SignDet [3] and UFLD [38])) are adopted for generating
the region proposals of roads, sign units, and lanes, respec-
tively. SAM, a strong segmenter, is finetuned through the road
data in RS10K [4] to provide road masks in the pipeline.
Considering there are lots of adhesive samples among sign
units and lanes while the point or box prompt of each instance
is expensive to obtain, the SignDet and UFLD are
chosen to replace SAM for the responsibility to extract the
regions of sign units and lanes in the inference process, where
SignDet is trained on our Traffic-CN dataset and UFLD is
optimized on both training and test data of Tusimple [39].

Structured and unstructured sign description. Different
from formulating traffic sign unit as a directional combina-
tion [3]] or traffic knowledge graph [4]], we describe it via the
structured natural language (as shown in Table [) according to
the Road Traffic Signs and Markings Criteria. The language

description-styled output enjoys intuitional and structured sen-
tence patterns, which makes it easier for the model to take in
and further assist in driving plan decision-making for TGA.
Importantly, structured descriptions are the key to generating
plenty of TGA samples to help our model learn to accomplish
traffic regulation assessment and direction navigation (details
can be referred to in Section [[V). Compared with description
generation based on text information [5], our spatial and
semantic logic-aware model (SSLM) combines vision and text
features to describe a sign unit, which helps focus on the
spatial and semantic logic simultaneously for understanding
the traffic symbol and text more effectively. Specifically,
SSLM decomposes the describing process into two steps: (1)
extracting traffic symbol and text information from the given
traffic sign unit and determining the corresponding description
structure from Table [[ based on information; (2) describing
the sign unit following the determined description structure.
The two-step process ensures correct spatial semantic logic
between different symbols and texts, which either helps pre-
vent the model from generating a redundant description or
omitting important information. The details of SSLM can be
referred to the following Section |l1I-B

In addition to the structured descriptions outlined above,
there are numerous unstructured descriptions pertaining to
special circumstances. These descriptions often deviate from
conventional traffic regulations and, if disregarded by drivers,
can result in traffic accidents. We illustrate several repre-
sentative examples in Table [ For instance, the emergency
lane is designated exclusively for emergency stops, emergency
vehicles, safety buffers, and accident avoidance, and is strictly
off-limits to regular vehicles except in emergency situations
(as depicted in the first row of the bottom sub-table in
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Some representative structured description sample of traffic sign unit :
the description consists of structured words ( e.g., After, heading to -+ ) and [keywords] ( e.g., [Distance], [Destination] ---)

m I After [Distance], heading to [Destination].

|

ﬁ I [Direction] heading to [Destination]. I
‘z: ',,E I After [Distance], [Direction] heading to [Destination). I
’ﬁf: I After [Distance], take exit [Exit] heading to [Destination). I
%Z:‘ I Take exit [Exit] [Direction). I

ﬁ I Take exit [Exit] [Direction] heading to [Destination]. I

After [Distance], take exit [Exit] [Direction] heading to
[Destination).

1. [Direction] heading to [Destination).
2. After [Distance), [Direction] heading to [Destination).

Current lane is [lane], speed is limited from [Speed_1]
to [Speed_2].

1. Current road has [Number] lanes.
2. First lane is [Direction] lane.
3.Second -+ 4.Third -+ 5. Fourth -

1. Current road has [Number] lanes.
2. First lane is [Direction] lane.
3.Second : 4.Third -+ 5 Fourth-- 6. Fifth -

1. [Direction], along [Destination] heading to [Destination].
2. [Direction] -+ 3. [Direction] -+

1. Currently traveling at [Destination].
2. [Direction] heading to [Destination) after [Distance].
3. [Direction] -

1. Roundabout.
2. First exit heading to [Destination).
3. Second -+ 4. Third -

<= () () I [Vehicle]'s speed is limited from [Speed_1] to [Speed_2). I

Some representative unstructured description sample of traffic sign unit :

The adjustment of conventional road rules. Emergency lane is designed for emergency stops, emergency vehicles, safety
buffer, and accident avoidance, which is prohibited for use by regular vehicles unless in an emergency situation (as shown the left
sub-figure). However, in special situations such as severe traffic congestion, traffic authorities may temporarily open the
emergency lane for regular vehicles via a temporary traffic sign (as shown the right sub-figure).
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ﬂgﬁégf -ﬁi el to regulate vehicle behavior and ensure road safety.
ZiEBE] wosm;gjé :

Special section’s road rules. Geographical environment and road
surface conditions can require different driving approaches. Traffic
management authorities place appropriate signs on special sections
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routes accordingly.

Special station rules. Differences in construction standards or temporary checkpoints at
highway entrances and exits in various regions can impose new requirements on passing
vehicles, such as height, width, weight, speed, and type. Vehicles may need to adjust their

prevent emergencies.

Temporary road construction notice. Road construction is a common road condition often
accompanied by temporary traffic signs to alert drivers about upcoming road conditions. These
signs help regulate current driving behavior to meet the demands of construction zones and

TABLE I: Tllustration of structured and unstructured sign descriptions.

Table E[) However, under exceptional circumstances such as
severe traffic congestion, traffic authorities may temporarily
permit regular vehicles to use the emergency lane, indicated
by temporary traffic signs. Additionally, road construction is
a frequent road condition that is typically accompanied by
temporary traffic signs to warn drivers of upcoming changes.
These signs are crucial for adjusting driving behavior to
accommodate the requirements of construction zones and to
prevent potential emergencies (as shown in the last row of the
bottom sub-table in Table [).

Structured description in EgoRPD. Previous sign-related
methods did not establish a connection between signs and the
egocentric vehicle’s position, which results in those methods
could not provide effective sign information for ADS. Fol-
lowing the above issues, we introduce the EgoRPD strategy
from the vehicle’s egocentric view to determining the vehicle’s
corresponding lane and road positions, which helps connect
egocentric vehicles and related signs to support ADS achieve
traffic regulation assessment and direction navigation for the

current vehicle. Importantly, the EgoRPD strategy only re-
quires considering lanes around the vehicle, which helps avoid
the recognition interference brought by perspective distortion
of the distant lane and can provide adequate adjacent lane
information for single-step lane change process.

Specifically, the strategy firstly takes lane and road regions
as input and assigns them to left (‘L’), current (‘C’), right (‘R’),
and all (‘A’) parts, respectively (referred to Algorithm [I] r1—
r6). It then determines whether a sign unit is a lane-level
or road-level traffic guidance according to the [keywords] of
the corresponding structured description from SSLM (as the
introduction in Section |[lII-A)). Next, SSLM assigns all units
to the corresponding road and lane according to their relative
position analysis (Algorithm [I] r7-r15). In this stage, SSLM
formulates the assignment process as a single-choice question
and a multi-choice question for lane and road, respectively,
because only one sign unit corresponds to one lane, and
there may be multiple units related to one road. It takes the
image features, and the coordinate-style sign regions, lane
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Algorithm 1 EgoRPD Strategy

Require: Points of lane or road lines S and sign boxes B;
Ensure: Sign boxes B, in EgoRPD;
1: for i + 1 to (Ng — 1) do //Ng is line number

2: 0;—1,6; < ARCTAN(POLYFIT(S[i — 1];S[i]))
3: if 0;,_1 <=90 and 6; <= 90 then break
4: end if
5: end for
6: SL,SC SE < S[:4],S[i —1:4+1],8[i ;]
7: for j < 0 to (N — 1) do //Np is box number
g dl « |Bymia — gl
)3
o d¥ By — S
3

10: df « |B‘”"“d SR T /-5 is the x-axis midpoint

of S two poznts that y equals s lmage height H
11 if d¥ =MiN(dt, d¢, d¥) then BL < B;
12: else if d¢ MIN(dL d®,d?) then BY « B;
13: else if d® =MIN(dE, dC, df) then BE + B;
14: end if //-C is the box assigned to current road/lane
15: end for

and road regions with ‘C’ mark as input to achieve the
the unit assignment (as shown in Figure [3(b) lane and road
localization) and output the structured description in EgQoRPD.
Notably, units belonging to the left or right lane/road can be
determined via the position in the X-axis relative to the unit
with ‘C’ mark. The trainable data for this assignment stage is
generated via our data engine based on Algorithm [T}

Traffic guidance assistant. Based on the structured de-
scription in EgoRPD, we develop the TGA to re-explore the
role of traffic signs in ADS by achieving traffic regulation
assessment and direction navigation for the vehicle in the
first-person view. In the traffic regulation assessment aspect,
vehicle attributes are introduced to simulate the vehicle’s
driving state, which consists of static (type, size, and weight of
vehicle) and dynamic (vehicle speed) attributes. For direction
navigation, a route graph is pre-defined and contains plenty
of latent waypoints from the origin and destination. With
the context information of description, vehicle attributes, and
route graph, SSLM formulates the plan generation as a single-
choice question. For example, if the current lane limits vehicle
speed from 90 to 120 km/h, the SSLM will choose the
option of driving too slowly when the speed is 60 km/h.
Notably, the ‘other’ plan is mainly responsible for estimating
limitations on the vehicle’s height, width, and weight. Our
model will output the corresponding description directly if
there is no information related to the vehicle’s height, width,
and weight. The pre-defined options for various questions are
presented in Table where [description] indicates that the
sign descriptions are directly outputted, as they are unrelated
to lane or road changing scenarios.

B. SSLM Architecture

Different from previous sign understanding works [4], [5],
[15], SSLM transfers road images to structured descriptions
in EgoRPD, which is essential to achieve TGA for supporting

TABLE II: List of options for different-level questions.

Level Option
road none; stay; left change; turn left; right change; turn right;
exit;
lane none; stay; left change; right change;
speed none; speed within limits; speeding; driving too slowly;
other none; excessive vehicle height; excessive vehicle width;
excessive vehicle weight; [description];
annotate
train
data automat|cally
englne o
initial data automatic data &gl
2
annotate Traffic-CN dataset : g
manually -

e 20k+ images

¢ 50k+ descriptions
e 1.2M+ TGA samples

* high resolution

A

Fig. 4: Workflow of the data engine for constructing the
Traffic-CN dataset.

ADS to achieve traffic regulation assessment and direction
navigation. SSLM is shown in Figure [3(b), which consists of
a visual encoder, smoother, and a LLM-based decoder.

Visual encoder. Specifically, given an input road image
I € RTXWX3 we divide it into 2x3 slices for support han-
dling the high-resolution (i.e., 1344 x 1344 resolution) images,
where H and W are the height and width of the input image.
These slices then are fed into the visual encoder (the pre-
trained SigLIP-ViT [40] is employed as our visual encoder) for
embedding them as the corresponding features I, € RYV*P,
where N and D are the number of image slices and the feature
hidden dimension, respectively.

Smoother. Considering the large hidden dimension D (D
is set as 1096 in the pre-trained model) of the feature I, from
the visual encoder leads to a high token count, which results
in extensive GPU memory consumption in the training and
inference process, we insert a Smoother after visual encoder to
reduce the hidden dimension of I, from D to M (M << D).
The smoothed visual features I, € RV*M allows us to train
and evaluate the model on RTX 4090 of 24 GB memory and
achieves competitive results.

LLM-based decoder. To decode the combination features
of vision and text into the natural language description, a
strong open source LLM (QWen2 [41]) is adopted as our
decoder. It takes a sequence of smoothed visual features I
and pre-designed instruction tokens T;, s as input, generating
task-specific answers.

C. SSLM Training

We employ a strategy that involves initializing the visual
encoder and LLM-based decoder with pre-trained weights
proposed in SigLIP [40] and QWen2 [41] and fine-tuning
specific segments with the Low-Rank Adaptation (LoRA [42]])
method for SSLM. In the fine-tuning process, considering
even simple descriptions (e.g., examples in Table [I), VLMs
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often struggle to generate a structured description due to the
hallucination problem. Meanwhile, VLMs hard to propose
suitable advice for the TGA that is dependent on spatial
relative position deeply. To this end, we follow the stepwise
pipeline to achieve multi-task instruction tuning (as shown in
Figure [3(b)).

For the SSLM (TSI-FPV) (the extraction and description
tasks in Figure [3(a)) optimization, we formulate the process as
maximizing a permutation-invariant likelihood function £,; to
estimate the difference between the input answer and the corre-
sponding ground truth, which avoids the interference brought
by the arrangement sequence of [keywords]. Specifically, as
shown in Table[l] there always more than one keywords within
the same [keywords] position (e.g., heading to [Destinationl,
Destination2, ...]). The sign unit description is correct no
matter how the relative position between Destinationl and
Destination2 distribute. The permutation-invariant likelihood
function is formulated as:

Epi - mlH(IOgP(Tfm ‘Iey T’znsa 6))5 (1)

M
k=12, M x ]V, (2)
J

where T}, and © are the input instruction tokens and the
trainable parameters. P is the conditional probability. M
represents the number of sub-sentences, and V' denotes the
number of [keywords] in each sub-sentence. T . denotes the
k th styled answer tokens, which is generated through the re-
arrangement of sub-sentences and [keywords] sequence of the
given answer tokens Ty ,s.

For the SSLM (TGA) (the localization and plan-making
tasks in Figure 3(a)) optimization, we estimate the prediction

via cross entropy function directly.

IV. TRAFFIC-CN DATASET

Images. Traffic-CN collects 20k+ images with high resolu-
tion (1920 1080 pixels), of which 18K are used for training
and 2K for testing. They are captured from the vehicle’s first-
person view through the DJI OSMO Pocket2 camera. The
dataset involves some popular Chinese provinces (including
Shaanxi, Henan, Shanxi, Hebei, Tianjin, and Beijing), typical
road scenes (such as highways, urban roads, urban streets,
and rural roads), and various challenged optical environments
(e.g., overexposure, rain and fog blur, shadows, occlusion, and
motion blur).

Data engine. To fulfill the research of the TSI-FPV and
TGA, we build a data engine (Figure @) to enable the label
collection of the Traffic-CN dataset. For TSI-FPV data, the
data engine follows three stages to generate structured descrip-
tions: (1) a totally manual labeling stage for a small amount of
initial data; (2) a model-assisted automatic annotation stage,
where SignEye is trained on initial data to predict automatic
annotations; (3) a manual adjustment stage, where partial
automatic data is corrected manually and used for training
model again with initial data together. In the end, repeat stage
(3) for labeling all image sign units. Our data engine produced
50k+ structured descriptions for sign units, 85% of which were

generated fully automatically. TGA data consists of local-
ization and plan-making data (as shown in Figure 3{b)). The
former is generated according to the spatial distribution among
sign, lane, and road regions through Algorithm [T} The plan-
making data is generated by combining structured descriptions
in EgoRPD from the localization task with vehicle attributes
and the route graph, where the description is decomposed into
smaller traffic instructions following its structure, and vehicle
attributes and waypoints are matched with the instruction for
generating suitable advice from options. Based on the images,
the introduced data engine generate 1.2M+ TGA data auto-
matically. Notably, the Traffic-CN dataset comprises 20,000
images, each sourced from a video averaging 1.5 to 4 seconds
in duration, with consistent traffic sign information throughout.
The single-frame data supports our TSI-FPV research, while
the video data offers opportunities for further exploration.

V. EXPERIMENTS
A. Implementation Details

We initialize our model using the well-trained SigLIP-
ViT [40] and QWen2 [41]]. During the training process, we
refine the parameters by employing LoRA [42] for low-
rank adaptation, with the rank r set to 64. We utilize the
AdamW [45]] optimizer along with a cosine learning rate
scheduler to train SSLM over 5 epochs using a batch size
of 16 across eight NVIDIA 4090 GPUs, with a total train-
ing time of approximately 18 hours. For the sign detection
module, shrink-mask expanding strategy-based detector [[11]]
is adopted to achieve efficient sign detecting task. It takes
ResNet-18 [46] as backbone and trained on a unified text
detection datasets (SynthText [47]] and ICDAR2019 [48]]). Data
augmentation is used in our work including the following
three strategies: (1) random horizontal flipping, (2) random
scaling and cropping, (3) random rotating. In the training
stage, Adam [49] is employed with an initial learning rate of
le-6, and the learning rate is reduced by the “poly” learning
rate strategy that proposed in [50]], in which the initial rate
is multiplied by (1 — maite;'ter)u‘g. For the lane detection
module, we take the well-trained UFLD [38]] to determine the
lane and road locations. The input image is uniformly resized
with aspect ratio preservation to a target dimension of 1056
in the following all experiments.

B. Main Results

Traffic Sign Interpretation (TSI) Task. This task is intro-
duced to generate accurate and structured descriptions, aiming
to facilitate the model’s comprehension of traffic instruction
information derived from sign units. The quality of these
descriptions plays a critical role in determining the effec-
tiveness of Traffic Guidance and Assistance (TGA) scenario
applications. To evaluate the performance of our proposed
approach, we conduct experiments on the Traffic-CN dataset,
a comprehensive benchmark tailored for traffic-related visual-
language understanding. The experimental results, as summa-
rized in Table demonstrate that the instruction chain of
extraction and description (illustrated in Figure3(b)) employed
by SignEye significantly outperforms general Vision-Language
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(to clearly display the results, only the interpreted lane-level description for the current lane is
shown here without visualizing the road-level description)

SignEye: Current lane is car and truck lane, speed is limited from 60 to 90 km/h.

TSI-FPV results

MiniGPT-v2: Current lane is car and truck lane, speed is limited from 60 to 80 km/h. (the
model reasons the vehicle located at the 3nd lane)

LLaVA-1.5: Current lane is car lane, speed is limited from 80 to 100 km/h. (the model reasons the vehicle located at the 2nd lane)

MiniCPM-2.6V: Current lane is emergency lane. No entry (omission). (the model reasons the vehicle located at the rightmost lane)

QWen2-VL: Current lane is car lane, speed is limited from 80 to 100 km/h. (the model reasons the vehicle located at the 2nd lane)

[
[
[
[

GPT-40: Current lane is car lane, speed is limited from 80 to 100 km/h.

(the model reasons the vehicle located at the 3nd lane)

Fig. 5: Visualization of the egocentric vehicle corresponding description in the TSI-FPV task.

TABLE III: Comparisons with existing popular VLM baselines on TSI task.

Model BLEU-I BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L  CIDEr
MiniGPT-v2 [43] 56.1 41.6 32.9 275 33.9 55.7 1.97
LLaVA-1.5 [21] 73.1 64.6 58.7 53.9 45.9 71.0 4.20
MiniCPM-2.6 [33]  69.4 60.6 54.0 48.6 45.6 68.6 4.05
QWen2-VL [44] 66.2 57.8 51.2 45.4 47.1 70.1 4.4
SignEye (Ours) 74.8 (1.77) 67.1 (2.57) 611 (2.41) 56.2 (2.31) 49.3 (2.21) 727 (1.77) 4.70 (0.467)

Models (VLMs) that attempt to describe sign units directly.
This improvement can be attributed to the structured and
systematic approach adopted by SignEye, which ensures a
more precise interpretation of traffic sign information, thereby
enhancing the overall reliability and applicability of the model
in real-world TGA scenarios. The comparative analysis un-
derscores the importance of specialized methodologies over
generic approaches in handling domain-specific tasks such as
traffic sign understanding.

TSI-FPV based TGA scenario application. To re-explore
the role of traffic signs in ADS, we develop a TGA scenario
(as visualized at the bottom of Figure[T). Considering the deep
dependency of TGA on egocentric vehicle position informa-
tion, we introduce the EgoRPD strategy to build a connection
between vehicle and sign units for further proposing the
TSI-FPV task based on previous TSI to support TGA. In
Figure [5] we first visualize the model’s ability to match the
egocentric vehicle and the corresponding sign units. It can
be observed that general VLMs struggle to accurately locate
the vehicle’s position and connect the egocentric view of the
vehicle to the corresponding sign units, even though humans
can easily interpret these spatial relationships. While GPT-
40 and MiniGPT-v2 correctly identify the lane position, it
still finds it challenging to associate the position with the
corresponding correct lane-level sign unit. Unlike these general
VLMs, which determine all lanes sequentially from left to
right before identifying the vehicle’s lane, SignEye determines
the current lane by analyzing the geometry of lane lines and
connects the egocentric view with the corresponding sign unit
based on their spatial relationship (see Algorithm [I) rather
than by analyzing the absolute spatial location of each instance

globally, which brings significant improvements for our model
in making lane-level plan (referred to Section [V-C).

SignEye distinguishes itself from existing approaches by ex-
plicitly modeling the positional relationships between vehicles,
lanes, roads, and traffic signs through its innovative EgoRPD
strategy. This capability is particularly crucial for the TSI-
FPV task and TGA applications. In contrast, current general
Vision-Language Models (VLMs) and VLM-based end-to-
end systems, including DriveLM (the most widely adopted
open-source end-to-end system), lack the ability to analyze
these specific spatial correspondence relationships (as shown
in [[V). This limitation explains why even when fine-tuned
on our dataset, existing end-to-end systems without EgoRPD
and instruction chain mechanisms perform comparably to
general-purpose VLMs such as Qwen-VL and LLaVA, as
demonstrated by our experimental results.

To verify the importance of TSI-FPV for TGA, we then
show the performance results in Table [[V] where SignEye
achieves remarkable proficiency in plan accuracy, surpassing
the nearest competing general VLMs without descriptions
in EgoRPD 7.3% at least. Importantly, our model achieves
9.7% superiority when we drop the #1 option that does not
require the position information but only sign units. These
results highlight the effectiveness of the connection between
the egocentric vehicle and the corresponding sign descriptions
provided by TSI-FPV and the stepwise reasoning pipeline. The
effectiveness of SignEye for analyzing the complex spatial
relationship among the egocentric vehicle, signs, lanes, and
roads is also demonstrated.

Visualization results on TGA. Based on the quantitative
experimental results before, our SignEye, leveraging the ad-
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TGA results
Gi hicle attribut d L 4 h 1.road : none
(Given vehicle attribute and a waypoint in a route graph) 2. lane : stay
(1). type-car; 3. speed : driving too slowly
(2). height/width/weight-2.44m/2.32m/4.63t ; 4. others : no trucks in car
(3). speed-67km/h ; (4). waypoint-'Quanzhou’; lanes
1.road : none ‘o.o 1.road : none > 1.road : none (o] 1.road : none {
2. lane : right change Lot 2.lane : none 'Y 2. lane : stay o 2.lane : none {Y;
3. speed : none 3. speed : none 3. speed : driving too slowly 3.speed : driving too slowly
4. others : none 4. others : no trucks in car lanes/( 4. others : none 4. others : none
[1. road :none 2. lane:stay  3.speed : speed within limits 4. others: no trucks in car lanes @}
¥ 4
TGA results .
(Given vehicle attribute and a waypoint in a route graph) L st iy
2. lane : left change
(1). type-car ; 3.speed : none
(2). height/width/weight-1.49m/1.77m/2.01t ; 4. others - H;]M
(3). speed-112km/h ; (4). waypoint-"Xuchang’;
1.road : none ‘O'O 1.road : stay 1.road : stay () 1.road : stay {
2.lane : none L 2. lane : none A 2. lane : stay < 2. lane : stay {Y;
3.speed : none 3. speed : none 3.speed : none 3. speed none
4. others : none 4. others : none 4. others : none 4. others : none
[1. road :stay 2. lane:stay 3.speed:none 4. others:none @}

J

Fig. 6: Visualization of the egocentric vehicle corresponding description in the TGA application.

TABLE IV: Accuracy results on TGA scenario application. OZ}}OP #1 is the all overall accuracy without #1 option.
Model Road Lane Speed Other Oan Oglrfp#l
MiniGPT-v2 [43] 42.6 374 62.2 49.5 479 34.0
LLaVA-1.5 [21] 65.8 47.2 67.7 72.2 63.2 54.8
MiniCPM-2.6 [33 79.7 83.0 80.5 82.1 79.7 75.9
QWen2-VL | | 78.8 63.8 70.5 72.6 71.5 65.2
DriveLM [51] 70.6 66.2 67.9 62.0 66.7 62.5
SignEye (Ours) 88.8 ( ) 86.3 ( ) 85.6 ( ) 87.4 ( ) 87.0 ( ) 85.6 ( )

vantages of the EgoRPD strategy, achieves superior perfor-
mance in the TGA scenario, particularly in lane and speed
planning. Here, we present some representative visualizations
of TGA to highlight the differences between SignEye and
existing strong general VLMs in their final planning decisions.

Specifically, as shown in Figure[6] the input image illustrates
a typical road scene for lane and speed planning, providing
specific vehicle type and speed limit information for various
lanes. The model can make accurate lane and speed plans if it
locates the lane position, connects the lane to the correspond-
ing sign descriptions, and matches the egocentric vehicle status
with the appropriate lane. However, MiniGPT-v2, LLaVA-
1.5, and QWen2-VL, even when fine-tuned on our TGA data,
struggle to complete all these steps, leading to incorrect lane
planning. Interestingly, they might identify the correct lane
position but fail to connect it accurately with the corresponding
sign descriptions. For instance, Qwen2-VL makes an incorrect
lane plan but a correct speed plan.

Additionally, Figure [f] depicts another typical road scene
for road and lane planning, focusing on specific lane attributes

and destination information rather than vehicle attributes. This
makes it challenging for strong general VLMs like MiniGPT-
v2 and LLaVA to understand the relationship between the
given vehicle attributes and lane attributes. Models such as
MiniCPM-2.6, QWen2-VL, and GPT4o consistently identify
the vehicle as being in the center lane, which results in incor-
rect lane planning due to this misjudgment of lane position.

The visualization results further demonstrate the effective-
ness of our SignEye model and explain why existing strong
general VLMs struggle to achieve excellent results in the TSI-
FPV-based TGA scenario.

C. Ablation Studies

We conduct thorough experiments to validate the effec-
tiveness of the designed stepwise reasoning pipeline and
permutation-invariant loss.

Effectiveness of the TSI-FPV on TGA. As shown in Fig-
ure [3] the vehicle’s relative position information is important
for TGA in making a driving plan, especially for lane and
speed plans. We visualize the plan accuracy of road, lane,
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TABLE V: Ablation study on EgoRPD strategy-based TSI-FPV for TGA. #n means the nth option, and O,, O;, Og and O,
are the overall accuracy of all options of road, lane, speed, and other respectively. O, is the overall accuracy of all options

of road, lane, speed, and other. OZZOP #1

EgoRPD’ means TSI-FPV.

is the all overall accuracy without #1 option. ‘w/o EgoRPD’ denotes TSI, and ‘with

Road O, Lane O

EgoRPD 1w w3 ma #5 #6  #7 / #1 ® #3 #4 /

wlo 904 85.7 625 700 _ 82.1 750 719 865 |90.1 878 533 46.4 82.6

with  90.2 88.7 76.5 66.7  81.8  70.2 88.9 88.8 (2.37)(89.8 884  83.3(30.01) 67.9(21.51) 86.3 (3.77)

Speed 0) Other 0) 0) Qcrop#l

EgoRPD #2p 43 #4 / # #® #3 #4 / / ! "

wlo 874 672 782 655 815 |885 813 80.1 873 853 84.0 80.3

with  88.3 82.5 84.4 77.2 85.6 (4.11)[89.2 80.0 844  90.8 87.4 (2.11)|87.0 (3.07) 85.6 (5.37)

speed, and other in Table |V| to show the effectiveness of the
EgoRPD strategy-based TSI-FPV task on TGA.

Specifically, for all kinds of plans, SignEye achieves supe-
rior accuracy in #1 option. It is mainly because #1 corresponds
to the ‘none’ option (referred to [[I), which means the model
can choose the correct option by recognizing whether signs
occurred in images and no need for position information. In-
stead, for those relative position-sensitive lane change options
(e.g., lane #3 and #4), the model has to determine the lane-
level sign description corresponding to the egocentric vehicle’s
lane position first. Then, it finds out the adjacent left and right
lane-level sign descriptions. In the end, SignEye makes a lane
plan according to vehicle attributes and descriptions. It can be
observed that our model achieves 30% and 21% improvements
on the lane change options compared with the model that is
without the description in EgQoRPD and has to analyze the
complex spatial distribution based on vision features only.
A similar conclusion can be given for making a speed plan
because there are plenty of situations in which the speed
description occurs on lane-level sign units. We also show the
overall accuracy of all options of road, lane, speed, and other,
the EgoRPD strategy can bring 3.0% and 5.3% improvements
when with and without considering the ‘none’ option. The
results demonstrate the essential of EgoRPD strategy to TGA,
especially for position-sensitive plans.

Furthermore, traffic signs in different countries generally
follow a relatively unified style. For example, common sym-
bols (e.g., speed limits, no entry) adhere to the same design
standards, and common panels (combinations of symbols and
texts) share the same semantic logic. The biggest difference
between Chinese-style traffic signs and those of other coun-
tries is the language. This challenge of recognizing different
languages can be alleviated by the pre-trained large language
model in our SSLM. Therefore, our model, trained on the
Traffic-CN dataset, can be applied to traffic scenes in other
countries (such as United States, England, and Japan).

Effectiveness of Permutation-Invariant Loss on TSI. As
detailed in Table[[Jand Section [2] the prediction description for
samples containing multiple sub-sentences and destinations is
designed to align with multiple order-adjusted ground truths.
This approach accounts for the inherent variability in how
traffic sign information can be interpreted and expressed.
To address this, the proposed L,; (prediction-optimization
loss) is specifically designed to enhance model efficiency by

minimizing the discrepancy between the predicted description
and the most semantically aligned ground truth among the
available options. This optimization strategy not only ensures
a more robust training process but also leads to significant per-
formance improvements in the Traffic Sign Interpretation (TSI)
task. Notably, as the number of [keywords] in the description
increases, the model demonstrates enhanced accuracy and
reliability, as evidenced by the experimental results presented
in Table [VI] This improvement highlights the effectiveness of
L,; in capturing the nuanced relationships between prediction
descriptions and their corresponding ground truths, particularly
in complex scenarios involving multi-faceted traffic sign infor-
mation. The findings underscore the importance of tailored loss
functions in advancing the capabilities of models for domain-
specific tasks such as TSI

Speed Analysis. Except for the accuracy performance, we
further analyze the interpretation speed and computational
resources of our framework in the inference process. As
shown in the Table the sign detection module and the
lane detection module only take about 13% and 17% of the
total time consumption, which is consistent with the module’s
GFLOPs and Params. For the VLM-based SSLM, although it
consumes more computational resources compared with sign
detection and lane detection modules, the whole framework
still enjoys a competitive inference speed (1.12 FPS).

VI. DISCUSSION AND CONCLUSION

A. Discussion

TSI-FPV vs. Traffic Sign Understanding. Traffic signs
are inherently associated with specific roads or lanes, mak-
ing it crucial to accurately identify signs relevant to the
egocentric vehicle based on their spatial positioning. Unlike
conventional methods that overlook positional information,
TSI-FPV (Traffic Sign Interpretation for First-Person View)
equips Autonomous Driving Systems (ADS) with the capa-
bility to prioritize and apply only those signs pertinent to the
egocentric driving path. By filtering out irrelevant signs in
input road scene images, TSI-FPV ensures that the driving
plans are guided solely by appropriate traffic instructions,
thereby minimizing potential interference and enhancing the
overall safety and efficiency of autonomous navigation.

Structured Description vs. General Description. Unlike
general description tasks (e.g., image captioning, VQA), Sign-
Eye generates structured descriptions (see Table [[) without
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TABLE VI: Performance gain brought by L,; to the TSI
task. numy denotes the number of [keywords] in a ground
truth description. ‘B-1°, ‘B-2’, ‘B-3’, and ‘B-4’ are ‘BLEU-
1’, ‘BLEU-2’, ‘BLEU-3’, and ‘BLEU-4’. ‘R-L’ denotes
‘ROUGE-L’ metric.

numi; B-1 B-2 B-3 B-4 METEOR R-L CIDEr
1 0.07 0.07 0.07 0.0 0.0 0.0 0.0
4 0.8 147 1.57 13 0.1 0.87 0.08
7 247 4317 5.67 64 0.5 3.8 0.51
—  with £, — w/oLy
ss. Number of [keywords] , ~ number of [keywords] . number of [keywords]
is equal to 1 is equal to 4 is equal to 7
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redundancy or omissions, which offers two advantages: (1)
it enables VLMs to convey key information directly to ADS
or drivers more effectively, and (2) it allows our data engine to
perform regularized analysis of key information in sign units
for generating large-scale TGA data.

TGA vs. Electric Map Navigation. Both of them are re-
sponsible for direction navigation and traffic regulation assess-
ment. However, they are not substitutive but complementary.
TGA enjoys the superiority of dynamic and offline relative to
electric map navigation, which makes them complementary:
(1) TGA can provide newly added or changed sign information
for ADS to handle the situations of road construction or
rule’s temporary adjustment; (2) the TSI-FPV of TGA can
maintenance of the sign information for the electric map as an
automatic tool; (3) TGA complements the electric map under
weak signal or offline.

B. Limitation Analysis

The above experiments verify the superior performance of
the proposed pipeline in the tasks of TSI-FPV and TGA.
Although our method can handle challenging visual conditions
(such as low light, rain, fog, blur, and shadows) due to
its strong image recognition capability brought by the well-
pretrained VLMs, it fails to detect multiple signs indepen-
dently when facing severe occlusion problems, where some
traffic signs are completely missing visual information. This
means our method struggles to perceive occluded traffic signs
during the detection process and cannot provide useful visual
information to the subsequent recognition module (SSLM).
Therefore, finding an effective solution to these problems will
be our future work.

C. Conclusion

In this paper, we introduce TSI-FPV to interpret sign
units as structured descriptions in EgoRPD. Building on it,
we develop TGA to re-explore the role of traffic signs in

TABLE VII: Time consumption analysis of the proposed
SignEye framework. “Size” means that the longer side size
of each testing image. “SD” and “LD” are the sign and lane
detection modules in our framework.

Size GLOPs Params (M)
SD LD SSLM | SD LD SSLM
1056 | 67.02 49.74 245397 | 12.11 219.03 7000
. Time comsuption (s)
Size | sp LD SSLM FPS
1056 | 0.12 0.15 0.62 1.12

assisting ADS. Additionally, the Traffic-CN dataset, created
through our data engine, supports research and evaluation
of TSI-FPV and TGA, encouraging broader participation in
sign-related ADS research. Experiments show that TSI-FPV
and TGA are feasible, and the SignEye achieves superior
performance over general VLMs. In future work, we will
focus on integrating TGA with mainstream ADS technologies
(e.g., occupancy networks) to enhance sign-related support for
driving plan-decisions. Notably, traffic signs in different coun-
tries generally follow a relatively unified style. For example,
common symbols (e.g., speed limits, no entry) adhere to the
same design standards, and common panels (combinations of
symbols and texts) share the same semantic logic. The biggest
difference between Chinese-style traffic signs and those of
other countries is the language. This challenge of recognizing
different languages can be alleviated by the pre-trained large
language model in our SSLM. Therefore, our model, trained
on the Traffic-CN dataset, can be applied to traffic scenes in
other countries (such as United States, England, and Japan).
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