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Preface

The International Conference on Intelligent Computing (ICIC) was
started to provide an annual forum dedicated to the emerging and
challenging topics in artificial intelligence, machine learning, pattern
recognition, bioinformatics, and computational biology. It aims to bring
together researchers and practitioners from both academia and industry
to share ideas, problems, and solutions related to the multifaceted aspects
of intelligent computing.

ICIC 2024, held in Tianjin, China, August 5-8, 2024, constituted the
20th International Conference on Intelligent Computing. It built upon the
success of ICIC 2023 (Zhengzhou, China), ICIC 2022 (Xi'an, China),
ICIC 2021 (Shenzhen, China), ICIC 2020 (Bari, Italy), ICIC 2019
(Nanchang, China), ICIC 2018 (Wuhan, China), ICIC 2017 (Liverpool,
UK), ICIC 2016 (Lanzhou, China), ICIC 2015 (Fuzhou, China), ICIC
2014 (Taiyuan, China), ICIC 2013 (Nanning, China), ICIC 2012
(Huangshan, China), ICIC 2011 (Zhengzhou, China), ICIC 2010
(Changsha, China), ICIC 2009 (Ulsan, South Korea), ICIC 2008
(Shanghai, China), ICIC 2007 (Qingdao, China), ICIC 2006 (Kunming,
China), and ICIC 2005 (Hefei, China).

This year, ICIC 2024 received 2189 submissions from 15 countries
and regions, we selected 133 Poster papers from the accepted 920 papers,
included in two volumes. These two volumes of Poster papers will be
arranged on the open access website http://poster-openaccess.com/.

The volume I includes 68 poster papers.

The volume II includes 65 poster papers.

The organizers of ICIC 2024, including Eastern Institute of
Technology, Ningbo, China, Tianjin University of Science and
Technology, China University of Mining & Technology (Beijing), China
University of Mining and Technology (Xuzhou), China, and North China



http://poster-openaccess.com/

University of Science and Technology, China, made an enormous effort
to ensure the success of the conference. We hereby would like to thank
the members of the Program Committee and the referees for their
collective effort in reviewing and soliciting the papers. In particular, we
would like to thank all the authors for contributing their papers. Without
the high-quality submissions from the authors, the success of the
conference would not have been possible. Finally, we are especially
grateful to the International Neural Network Society, and the National
Science Foundation of China for their sponsorship.

ICIC 2024 General Chairs
De-Shuang Huang, Fuping Lu
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Alleviation for MultiModal Large Language Models
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Abstract. Multimodal Large Language Models (MLLMSs) have made significant
progress in bridging the gap between visual and language modalities. However,
hallucinations in MLLMs, where the generated text does not align with image
content, continue to be a major challenge. Existing methods for addressing hal-
lucinations often rely on instruction-tuning, which requires retraining the model
with specific data, which increases the cost of utilizing MLLMs further. In this
paper, we introduce a novel training-free method, named Piculet, for enhancing
the input representation of MLLMs. Piculet leverages multiple specialized mod-
els to extract descriptions of visual information from the input image and com-
bine these descriptions with the original image and query as input to the MLLM.
We evaluate our method both quantitively and qualitatively, and the results
demonstrate that Piculet greatly decreases hallucinations of MLLMs. Our method
can be easily extended to different MLLMs while being universal.

Keywords: Multimodal Large Language Models -hallucinations -training-
free.

1 Introduction

In recent years, there has been remarkable progress in the field of large-scale mod-
els, with the following being typical examples of this work: BERT [3] , GPT-3[4],
CLIP [5], DALL-E [6], etc. These works greatly promoted the development ofMul-
timodal Large Language Models (MLLMs), an important branch of Artificial In-
telligence. MLLMs’ goal is to construct an artificial intelligence system capableof
understanding and handling different modalities, such as image, text, audio,etc.
The field of MLLMs has seen several landmark advancements, including

 These authors contributed equally to this work and should be considered co-first authors.
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2 Kohou.Wang et al.

LLaVa, CogVLM, Minigpt-5 et al. [7]-[9], they cast a profound impact on the im-
provement of MLLMs.

The rapid development of MLLMs has led to their widespread adoption for
various applications, such as image captioning and visual question answering.
Despite their impressive performance, MLLMs are still prone to generating hal-
lucinations, where the generated text does not align with the image content. This
issue significantly limits the practical applicability of MLLMs. As examplified in
Fig 1, the generated description of this image is not consistent with the truth:

1. there are 6 persons in the image, while the MLLM says seven;

2. there are 3 water bottles on the table, while the MLLM says two;

3. there is no blackboard on the left wall, only a whiteboard, while the
modelwrongly answers a blackboard after correctly answers a white-
board.

Researchers have long been addressing the issue of hallucinations of MLLMs,
and the mainstream methods can be divided into two kinds: training-based and
training-free. Training-based methods usually collect or re-clean some datasets and
retrain the models to decrease hallucinations of MLLMSs. These kinds of methods,
naturally, often require substantial manual intervention and are time- consuming.
Moreover, given the substantial computational resources required for training large
models, the economic cost of such methods is also quite consider- able. As for
training-free methods, current methods focus their emphasis on the postprocess of
MLLMs. Given a user’s query, firstly the MLLMs will answer itas usual. Then
the answer is thoroughly analyzed and corrected to decrease hal- lucination. These
kinds of methods often utilize other rather large models apart from the MLLMs to
be corrected, which is time-consuming and uneconomical.

Inspired by the phenomenon that humans use specialized tools to enhance
their abilities, we propose a training-free framework, named Piculet, to enhance
the input representation of MLLMs by leveraging multiple, specialized, small-
scale, deep learning models to extract a description of visual information from
the input image, i.e., we use multiple specialized models to guide MLLMs to
generate more accurate results. Specifically, our Piculet utilizes the outputs
from these small-scale deep learning models as external konwledge to enhance
the MLLMs, thereby minimizing MLLMs’ propensity for hallucinations.

By combining the extracted description of visual information with the orig- inal
image and query as input to the MLLM, we aim to improve the accuracy of
the model’s output. Our method requires no retraining of MLLMs and noother
rather large models, which is much faster and economical than all current available
training-based methods and training-free methods. We evaluate the ef- fectiveness
of our method through comprehensive quantitative and qualitative experiments on
the POPE [13], MME [14], and LLaVA-QA90 [15]datasets. The results and asso-
ciated analyses indicate the superiority of this new paradigm. For instance, on the
LLaVA-QA90 benchmark, our method largely boosts the accuracy of the baseline
Qwen-VL-Chat [34] from 6.1 to 7.3 on a scale of 10.
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Please provide a detailed description of the image,

F! focusing on its elements, colors, numbers, and
N

“41™ surroundings.

5

In the picture, there are seven people sitting around a
table. They are all working on their laptops. There is also
a whiteboard in the classroom that students can write
on. The walls of the classrooms are gray, and there is a

blackboard on the left wall. There is a clock on the top g
left wall of the classroom. There are two water bottles R

on the table, one blue and one green.

Fig. 1: Hlustration of Hallucination of MLLMs. This MLLM generates descriptions of an
image with wrong information, including the number of people and cups, and also, there is
only whiteboard, not a blackboard on the left wall.

In summary, the main contributions are as follows:

- We proposed a training-free, pre-process framework named Pic-
ulet to reduce the hallucinations of MLLMs. To the best of our
knowledge, we are the first to utilize a pre-process framework to
tackle the visual hallucinationproblem.

- Our framework only requires one inference of the target MLLM
and several other small deep learning models, which is economical
and time-saving, and isplug-and-play in various different MLLMs.
These small models’ information is utilized as external knowledge
to calibrate the MLLM.

- We evaluate our method on numerous datasets with other meth-
ods, and theresults demonstrate the effectiveness and improve-
ment of our method.

2 Related Work

2.1 MLLMs’ Hallucinations

Despite the mushrooming of MLLMSs, the problem of hallucination still hangs
like the sword of Damocles: MLLMs occasionally generate content that diverges
from the user input, contradicts previously generated context, or misaligns with
established world knowledge. While the relatively usual normal deep learning
models [18—21] output results of quite reliable credibility, hallucination puts the
MLLMs at a disadvantage, users tend to use MLLMs more for fun rather than
for professional needs, which is certainly not a good thing for MLLMs developed
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for professional purposes. To address this challenge, existing mainstream works
have primarily focused on two aspects: training-based and training-free.

2.2 Training-based Methods

For training-based methods, Gunjal et al. [10] introduced MHalDetect, a multi-
modal hallucination detection dataset that can be used to train and benchmark
models for hallucination detection and prevention. Liu et al. [11] addressed this
issue by introducing the first large and diverse visual instruction tuning dataset,
named Large-scale Robust Visual(LRV)-Instruction. Lu et al. [23] developed
an evaluation module that automatically creates fine-grained and diverse visual
question answering examples to assess the extent of agnosia in MLLMs compre-
hensively. They also developed a mitigation module to reduce agnosia in MLLMs
through multimodal instruction tuning on fine-grained conversations.

These training-based methods, also well known as instruction-tuning, usually
introduce a new dataset for retraining MLLMs, which requires significant com-
putational resources and specialized data. These methods are also fairly time-
consuming, considering that the inference of MLLMs is often a much longer time
than traditional deep learning models.

2.3 Training-free Methods

As for training-free methods, Yin et al. [12] represents a typical method that re-
quires no training of MLLMs while can directly correct the hallucinations.
They emphasized main attention on the post-process stage of MLLMs, firstly
they get an answer of a MLLM, then utilized auxiliary models’ outputs to cor- rect
both object-level and attribute-level hallucinations, which was the first to apply a
corrective manner to tackle the visual hallucination problem. Although their
method, named Woodpecker, can reduce hallucinations by correcting the MLLM’s
answers, their method is a post-process framework, and still actually comprises
three pre-trained rather large-scale models apart from the MLLM tobe corrected,
which are GPT-3.5-turbo [30], Grounding DINO [31] and BLIP-2-FlanT5 XXL
[32]. Furthermore, the GPT-3.5-turbo is used 3 times in their processing pipeline.
These models are not only time-consuming, but some arealso proprietary, mak-
ing them uneconomical with slow inference processes.

Compared to their approach, our method addresses the hallucination issue of
MLLMs at its root and utilizes no other large language models apart from the
MLLM to be corrected. Different from the Woodpecker method focusing onthe
post-process stage, our method focuses on the pre-process stage of MLLMs. Our
method utilizes specialized, traditional small deep learning models to generate re-
sults describing factual information. These results, reorganized into a specific
format, serve as supplementary descriptions and are input alongside the user’s
query and image into the MLLM, thereby enabling the model to generate correct
answers directly by referencing additional factual information. Our specialized
models only need to be run once during the processing pipeline, and the outputs
of specialized models serve as external knowledge to calibrate the MLLM.
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3 Method

Our method aims to address the hallucinations of MLLMs at its original source.
We firstly utilize specialized traditional light-weight deep learning models to
detect factual information of input image, then formulate these descriptions, which,
alongside the user’s query and image, are input into MLLMs. MLLMs, given the
formulated input, then generate results with reduced hallucinations. Our method
utilizes these specialized models to generate factual external knowledge apart from
the single input image, which provides a reliable basis for decision-making in the
outputs of the MLLMs. We will introduce these steps in detail in sequence.

o N
i .\ oS
"/M G 1Y A “

the image contains these objects: there are 2
Dog:there are 2 Cat

(a) Detection model. For
the detected objects, we
traverse all the detected
results and integrate them
into a single sentence in
the above format.

The text content contained in the image :
Creating video from text

p.1a
B 1 Sora

(b) Ocr model. For the
recognized characters, we
also traverse all the de-
tected texts and integrate
them into a single sen-
tence in the above format.

the celebrity in the image is Jia Ling.

(c¢) Face Recognition. For
the recognized faces, we
also traverse all the de-
tected celebrities and in-
tegrate them into a single
sentence in the above for-
mat.

Fig. 2: Details of input formulation. In each sub-image, we adopt a randomly chosen image
to exemplify the concrete operation.

3.1  Specialized Models

Object Detection. We utilize an object detection model to detect factual in-
formation of the input image. To be specific, we adopt PP-YOLOE [24], an
industrial state-of-the-art object detector with high performance and friendly
deployment, to detect objects inside input image. PP-YOLOE is pre-trained on
COCO [25], a large-scale object detection, segmentation, and captioning dataset
that has 80 object categories that can cover the most common objects encoun-
tered in daily life.

OCR. We utilize PaddleOCR!? to recognize characters inside image. Pad-
dleOCR is an awesome multilingual OCR toolkit based on PaddlePaddle, which
supports 80+ language recognition, provides data annotation and synthesis tools,
and supports training and deployment among server, mobile, embedded and loT
devices. We utilize this model to extract additional information inside an image

! https://github.com/PaddlePaddle/PaddleOCR
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to serve as supplemental descriptions, together with the detected objects, for the
MLLMs to refer to.

The text content contained in the image : 50 kg lighter
The celebrity in the image is jia Ling.

The image contains these objects : there is 1
Person;there is | Desk; there are 3 Plate;there is 1 Potted
Plant;there is 1 Microphone, there is 1 Stool; there is 1
Apple;there is 1 Orange/langerine;

question: describe the image

) reply: The image features a woman named Jia Ling, who
is sitting on a stool and holding an orange. She is wearing
a red outfit, which includes a red jacket with white

/ stripes and red pants. The background of the image is a

yellow wall, and there is a wooden table with a plate of

—_ fruit on it. The plate contains an apple and a banana.

There is also a potted plant in the background. The
woman is holding a microphone, and there is a sign in
the image that says "50 kg lighter."

Fig. 3: Illustration of our method’s processing. Red words are preprocessed results of spe-
cialized models, yellow words are the predefined prompt everybody usually uses, and blue
words are the user’s original query, purple words are model’s reply without hallucination.
The recognized characters, faces and objects are integrated into one single sentence, which,
alongside the user’s original query and image, serves as the final input of MLLMs.

Face recognition. We utilize insightface [26] to detect faces inside an image.
Insightface is an open-source 2D&3D deep face analysis toolbox, which efficiently
implements a rich variety of state-of-the-art algorithms of face recognition, face
detection and face alignment, which are optimized for both training and deploy-
ment. Furthermore, we establish a repository of celebrities, and the recognized
faces are classified as concrete celebrities. These descriptions, alongside the de-
tected objects and PaddleOCR’s characters, also serve as external information for
the MLLMs to refer to.

3.2 Input Formulation

We utilize the aforementioned specialized traditional deep learning models to de-
tect objects, characters, and faces, and in this part we integrate all these detected
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results into a specific format to serve as input, alongside the original user’s ques-
tion and image, for the MLLMs.

Object Detection. For the detected objects, we traverse all the detected re-
sults and integrate them into a single sentence in the following format: “ the image
contains these objects: there is/are {number} {object}.”. The detail is exampli-
fied in Fig 2a.

Specialized Models

M

...... | )

\ —
answer
. ) ELCICT I e— -
—CJ—

Fig. 4: Flowchart of our method. Given an image and a query, firstly we utilize specialized
models to extract descriptions of visual information, these descriptions are then reorganized
by prompt formulation block and combined with the original user’s query, the newly com-
bined query and image are then input into the MLLM.

LLM

OCR. For the recognized characters, we also traverse all the detected texts and
integrate them into a single sentence in the following format: “The text content
contained in the image: {recognized characters}.”. The detail is examplifiedin Fig
2b.

Face recognition. For the recognized faces, we also traverse all the detected
celebrities and integrate them into a single sentence in the following format: “the
celebrity/celebrities in the image is/are: {recognized celebrities}.”. The detail is
examplified in Fig 2c.

After all these processing, the recognized characters, faces and objects are inte-
grated into one single sentence, which, alongside the user’s original queryand
image, serves as the final input of MLLMs. The final format of a typical input is
examplified in Fig 3 in detail. In summary, the format is like:

“Organized OCR results.

Organized face recognition results.

Organized detection results.

Predefined prompt everybody usually uses.

User’s original query.”.

Through these steps, our method can directly address the hallucination issue
of MLLMs at its root. An overview of our framework is depicted in Fig 4.
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Our method utilizes specialized models to generate results, which serve as
supplementary descriptions. These reorganized results, alongside the user’s query
and image, are then input into the large model, thereby enabling the model to
generate correct answers directly by referencing additional factual information.

Fig. 5: Prompt template for GPT-4V-aided evaluation. Response 1 and Response 2 are the
original responses and the corrected ones, respectively.

Compared to other mainstream methods addressing the hallucination of MLLMs,
our method has the following advantages:

- Our method is totally training-free, and requires no re-training of MLLMs,
which saves a lot of expenses and time.

- Our framework only requires one inference of one single MLLM.

- Our framework requires no inference of any other large-scale MLLMs, just
several traditional deep learning models which are rather small and economical to
infer and deploy.
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4 Experiments

In this section, we will discuss the datasets we use and the experiments we con-
duct in detail. We use mainstream benchmark datasets POPE [13], MME [14],
and LLaVA-QA90 [15], and conduct comprehensive comparative experiments
to validate the effectiveness and superiority of our method. Specifically, we choose
Qwen-VL-7B and LLaVa-v1.5-13B [7] as our baseline models. Considering that
Woodpecker is the most similar training-free method to ours, we also compare
our results with theirs utilizing the same baseline model LLaVa-v1.5-13B on
POPE and MME benchmarks.

4.1 Datasets

POPE. The POPE [13] initiative aims to gauge the tendency of MLLMs to pro-
duce hallucinations. It employs three varied sampling strategies—random, pop-
ular, and adversarial—to construct non-existent object samples. Random sam-
pling randomly selects items not depicted in the image, while popular sampling
draws from a pool of frequently seen items not present, and adversarial sampling
identifies items often found together but missing from the image. Each kind of
strategy has 500 images, and each image has 6 related questions and answers,
which is 3000 in total.

For evaluation, to thoroughly compare our method, we directly tested all
these images, which amounts to 9,000 in total. The questions balance between pos-
itive and negative samples at a 50-50 split. This approach casts object anno- tations
as binary questions, centering on the evaluation of object hallucinations, with a
particular emphasis on the aspect of existence. The selected MLLMswill
answer like "Is there a wine glass in the image? ", and the answer will be measured
in a metric of Accuracy, Precision, Recall and F1 Score.

MME. The MME [14] is a comprehensive evaluation benchmark for MLLMs.
To avoid data leakage that may arise from the direct use of public datasets for
evaluation, the annotations of instruction-answer pairs are all manually designed.
The concise instruction design can fairly compare MLLMs, instead of struggling
in prompt engineering. Besides, with such an instruction, quantitative statistics
can also be easily carried out. Also like POPE, The selected MLLMs will also
be prompted Yes or No questions.

LLaVA-QA90. The LLaVA-QA90 [15] contains randomly selected 30 image
for COCO-Val-2014, and for each image, three types of questions (conversa-
tion, detaileddescription, complex reasoning) are generated using the proposed
data generation pipeline in [15]. Specifically, we sample 10 description-type que-
ries that are paraphrased in various forms to instruct an MLLM to describe an im-
age, such as "Analyze the image in a comprehensive and detailed manner." and
"Explain the visual content of the image in great detail.". GPT-4V [33] is uti-
lized to evaluate the answers generated by the plain baseline model and our
framework’s model. We directly feed the image to GPT-4V, and prompt it to
rate the responses regarding our designed two dimensions, i.e., accuracy and de-
tailedness. The prompt template is available in Fig 5.
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4.2

Experimental Results

Resutls on POPE. Instead of sampling several hundreds of images, We directly
utilized the entire dataset, which amounts to 9,000 image-text queries, thereby en-
abling a more thorough and comprehensive comparison to demonstrate the superi-
ority of our method. The tested results on POPE are shown in Table 1, which uti-
lizes Qwen-VL-Chat [34] and LLaVa [15] as baseline model. Considering that
Woodpecker [12] is the most similar training-free method to

Table 1: Results on POPE using Qwen-VL-7B and LLaVa-v1.5-13B as baseline model.
+Piculet denotes MLLM responses generated by our proposed Piculet , and
+Woodpecker for woodpecker’s method. The best performances within each setting are
bolded. Our method achieves a near-universal advantage across the board.

setting model method Accuracy Precision Recall F1-Score Yes Rate
plain 0.8417 0.8970 0.772 0.8298 0.4303
QWen
+Piculet 0.8637 0.9225 0.794 0.8535 0.43033
adversarial plain 0.7333  0.6902 0.8467 0.7605 0.6133
LLaVA Woodpecker 0.8067  0.8286  0.7733 0.8000 0.4667
+Piculet 0.8597 0.9397 0.7687 0.8456 0.409
plain 0.8787 09805 0.7727 0.8643 0.394
QWen
+Piculet 0.8893 0.9811 0.794 0.8777 0.4047
random
plain 0.8600 0.8750 0.8400 0.8571  0.4800
LLaVA +Woodpecker 0.8767 0.9593  0.7867 0.8645 (.4100
+Piculet 0.8732 0.9813 0.7687 0.8621 0.4037
plain 0.8657 09492 0.7727 0.8519 0.407
QWen
+Piculet 0.8803 0.9597 0.794 0.8690 0.4137
popular
plain 0.7667 0.7222 0.8667 0.7879  0.6000
LLaVA
+Woodpecker 0.8067  0.8382  0.7600 0.7972 0.4533
0.7687 0.8553 0.3987

+Piculet 0.87

0.9641

Table 2: Results on MME using Qwen-VL-7B and LLaVa-v1.5-13B as baseline model.
+Piculet denotes MLLM responses generated by our proposed Piculet, and +Woodpecker
for woodpecker’s method. The best performances within each setting are bolded. Our
method achieves a near-universal advantage across the board.
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model method Total Existence Count Position Color Celebrity OCR

QWen plain 871.12 185 140 128.33 180 135.29 102.5
+Piculet 944.12 190.0 163.34 126.67 185.0 184.12 95.0
plain 698.72 195 95 53.33 78.33 152.06 125.0

LLaVA | Woodpecker - 195  160.00 55.00 155.00 - -

+Piculet 928.9 185.0 151.66 121.66 175.0 195.58 110.0

ours, we also compare with their tested results. As can be seen from the results, our
proposed framework achieves an across-the-board performance improvement on
all test sets and in all aspects. In detail, in all the adversarial, random, and popular
testset, our method outperforms both the plain baseline model and the Woodpecker-
enhanced model in all the accuracy, precision, recall and fl-score, except the only
one random set, where our method is slightly inferior to Wood- pecker.

Table 3: Results on LLaVa-QA90 using Qwen-VL-7B and LLaVa-v1.5-13B as baseline
model. with denotes MLLM responses generated by our proposed Piculet. We don’t know
Woodpecker’ exact 10 sampled examples, so cannot compare with their scores. The accu-
racy and detailedness metrics are on a scale of 10, and a higher score indicates better perfor-
mance. The best performances within each setting are bolded. Our method achieves better
performances on both accuracy and detailedness aspects.

models method accuracy detailedness

plain 6.1 5.5
QWen

+Piculet 7.3 6.5

plain 5.6 5.9
LLaVA

+Piculet 6.8 6.3

A seemingly counterintuitive point is that the unenhanced, plain LLaVa actu-
ally performs the best on Recall, compared to both Woodpecker and our Piculet.
However, this is actually reasonable: because MLLM inherently tends to answer
"yes" to all Yes or No questions, without discrimination. This results in Recall,
a measurement that measures the proportion of correctly classified samples out of
all correct samples, being higher than that of both Woodpecker and our Piculet.
The relatively high Yes Rate score of plain LLaVA also corroboratesthis spec-
ulation, which attests to our algorithm’s effectiveness in mitigating the hallucina-
tions of MLLMs as well.

Overall, our method outperforms Woodpecker, not to mention that our method
operates with faster inference and lower resource consumption, while merely pro-
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viding additional factual external knowledge to the MLLM, allowing the MLLM
to make its own decisions and produce outputs based on the reliable information.

Resutls on MME. The results on MME are shown in Table 2, and the baseline
model is also Qwen-VL-Chat and LLaVa. For comparison, we conductedexperi-
ments on MME’s existence, count, position, color, celebrity and ocr testset. For
comparison, we also add the Woodpecker’s results in the table. As canbe seen
from the table, our Piculet outperforms Woodpecker in most aspects, with only
existence and count set as exceptions, where it slightly lags behind Woodpecker.
Even so, considering that our method merely incorporates a few additional small
deep learning models apart from the MLLMs to be corrected,and it significantly
reduces inference time and operational costs compared to Woodpecker, our method
is undoubtedly the better choice.

Resutls on LLaVA-QA90. Theresults on LLaVA-QA90 is shown in Table3, and
the baseline model is also Qwen-VL-Chat and LLaVa. In this experiment, we sam-
pled 10 description-type queries, which are paraphrased in various forms to instruct
an MLLM to describe an image, to evaluate our proposed framework’s perfor-
mance. The results, as can be seen from the table, show that our methodhas also
achieved superior performance in both evaluation aspects. It’s worth noting
that, as Woodpecker’s sampled 10 queries are not exactly known, so wecan’t
compare with their results here.

4.3  Ablation Study.

We conduct an ablation study on MME datasets to validate the superiority and ef-
fectiveness of our method. In this section, we utilize Qwen-VL-Chat as baseline
model, in each test set, we select two of three specialized models and run experi-
ments to compare the generated results’ scores. The calculated results are shown in
Table 4.

Table 4: Ablation study results on MME using Qwen-VL-7B as baseline model.V means
results generated utilizing corresponding specialized models.

Detection OCR Face Total Existence Count Position Color Celebrity OCR

v v' 92240 185.0 140.0 126.67 185.0 183.24 102.5

v v 941.62 190.0 163.33 126.67 190.0 184.12  87.5
v v 888.24 190.0 163.33 126.67 185.0 128.24 95.0
v v v’ 944.12 190.0 163.33 126.67 185.0 184.12 95.0

As can be seen from the experimental results, each specialized model manages
to boost the score on its respective test set. Specifically, the results with the
specialized Detection model outperform those without it in both existence and
countscores. Similarly, the use of the specialized OCR model leads to higher
scores on the OCR test set compared to when it is not used. The same can be
said for the specialized Face model. Based on the comprehensive comparative
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experimental results, we can confidently say that each of our specialized models
contributes toimproved outcomes. That is, the method we propose, which we
name Piculet,can mitigate the hallucination phenomena in MLLMs, making the
responses to users’ queries more authentic and reliable.

5 Conclusion

In this paper, we propose a novel framework named Piculet to address the hal-
lucinations of MLLMs at its root. As a training-free method, our approach re-
quires only single one inference of the target MLLM, and several other small
deep-learning models, no other rather large-scale models are involved, which
is economical and time-saving, and is plug-and-play in various different
MLLMs. We have achieved the goal of reducing hallucinations by supplying
the MLLMs with dependable external knowledge generated by specialized
models. We evaluate our method on numerous datasets with other methods, and
the results demonstrate the effectiveness and improvement of our method. We
hope that our method can contribute a small improvement and offer some in-
sights into the handling of hallucinations of MLLMs, thus inspiring further re-
search and development in the field?.
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Abstract. To determine the quality level of copper scrap granules, existing
methods have to manually identify all kinds of impurities mixed in copper scrap
granules relying on technicians’ experience. In this paper, we pioneer a com-
puter vision-based approach called Content-Aware Network (CANet) to esti-
mate the quality of copper scrap granules. Specifically, CANet consists of a
visual transformer-based backbone that extracts the semantic features from
copper scrap granule images, a multi-layer perception-based neck that explicitly
estimates the volume proportion of copper to copper scrap granules and implic-
itly estimates the counterparts of varieties of impurities and a well-designed
head that directly outputs the quality result. Benefiting from our novel architec-
ture and loss functions, CANet can be trained in an end-to-end manner to accu-
rately estimate the quality of copper scrap granules only with the binary anno-
tated images (copper area and non-copper area) without identifying these un-
known impurities and their densities in advance. Experiments on real copper
scrap granule datasets demonstrate the effectiveness and superiority of our pro-
posed method.

Keywords: Copper scrap granules, Quality level, Visual transformer, Content-
Aware.

1 Introduction

Copper is a kind of valuable non-renewable resource on earth, with the rise in demand
for copper, copper scrap recycling which could reduce the cost and environmental
pollution caused by mining and smelting new copper becomes more and more im-
portant in industry [1,2]. Copper scrap granule is an important source of copper scrap,
which often contains different kinds of impurities. Fig. 1 shows some copper scrap
granule images.

To determine the value and price of copper scrap granules before recycling them, it
is necessary to estimate their quality. For convenience, we define the quality estima-
tion of copper scrap granules as the task of predicting the "copper content”, i.e., the
mass proportion of copper to the whole copper scrap granules.
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Fig. 1. Three images of copper scrap granules (first row) and their local enlarged view (second
row), some impurities are marked with green rectangles. Copper scrap granules contain a varie-
ty of unknown impurities with irregular shapes in different proportions besides copper.

In the existing quality estimation method, technicians have to sample many times
from the copper scrap granules, then stir over and over again and identify all kinds of
impurities mixed in copper scrap granule samples relying on their experience [3]. This
inefficient manual method usually results in a heavy financial loss for either the seller
or purchaser due to technicians' subjectivity.

Thanks to the great progress in deep learning and computer vision [4,5,6,7], it
seems possible to realize automatic quality estimation of copper scrap granules using
deep learning and computer vision techniques, as long as you can enumerate all varie-
ties of different impurities and accurately determine their densities, and then estimate
the respective volume proportion of all impurities to the whole copper scrap granules
using image recognition techniques. However, in the actual setting, when developing
a recognition algorithm, it is quite impossible for the engineers, even the professionals
to enumerate all varieties of unknown impurities in a large number of copper scrap
granules, needless to say, to determine the densities of all various unknown impuri-
ties. Therefore, it is challenging but valuable to design an effective vision-based
quality estimation method for copper scrap granules.

2 Related work

Because of its great economic value and environmental benefits, scrap metal recy-
cling attracts more and more attention from the computer vision community. The
method in [8] proposes a combined architecture to classify the scrap metals and esti-
mate their masses simultaneously from 3D images. Methods in [9,10,11,12,13,14,15]
automatically classify scrap metals using classification [4], detection [16] and seg-
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mentation [17,18,19] networks. However, the above studies focus on recognizing
several limited types of scrap metal pieces which are scattered and much bigger than
copper scrap granules, could be discerned relatively easily. What is more, these stud-
ies do not care about the contents of impurities, which is very important in our copper
content predicting task. These methods of industrial scrap metal classification cannot
solve our problem very well, and to our best knowledge, our work is the first to use
computer vision and deep learning to estimate the quality of copper scrap granules so
far.

Intuitively, two naive methods might be able to complete the quality estimation
task. The first method employs a well-trained supervised semantic segmentation mod-
el to accurately segment the copper scrap granule images into different impurity areas
and copper areas. With the assumption that the area proportion of some stuff to the
whole copper scrap granules in the image is equivalent to its volume proportion [20],
then the copper content can be calculated as follows:

Pe X P
! v v
Zi:l(pi X pi )+ pc ch (1)

pe =

Here p" is the copper content, p_ is the volume proportion of copper to the whole
copper scrap granules, and p_ is the density of copper. p’ represents the volume
proportion of impurity to the whole copper scrap granules, p; is the density of corre-

sponding impurity, and the subscript | which ranges from 1 to | corresponds to | kinds
of impurities in copper scrap granules. However, it is quite difficult for the engineers,
even the professionals to enumerate all varieties of unknown impurities in a large
amount of copper scrap granules in advance, needless to say, to determine the densi-
ties of all various unknown impurities. It makes it impossible to label all types of
impurities and train a supervised semantic segmentation model to calculate p.’.

The other method estimates the copper content using Eqg. (2). Simplifying the mul-
ti-class segmentation task into a binary segmentation task (copper area and non-
copper area) greatly reduces the workload of labelling without classifying various
unknown impurities. With the same assumption in the first method, the copper con-
tent can be calculated as follows:

jm pcx p(\:l XV
¢ M

V and M respectively are the volume and mass of the whole copper scrap granules.
To calculate the copper content, V and M need to be known in advance. In the actual
setting, M is relatively easy to acquire. However, measuring the volume of the whole
copper scrap granules is quite cumbersome because it needs extra equipment and a lot
of labor.
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Fig. 2. Two original images (left column) and corresponding binary labeled images (right col-
umn). In binary-labeled images, the red areas represent various kinds of impurities with irregu-
lar shapes (non-copper), and the yellow areas represent copper.

To address issues of the existing manual methods and naive methods, we pioneer a
novel network called Content-Aware Network (CANet) which takes a sequence of
copper scrap granule images as input to directly estimate the quality of copper scrap
granules. CANet is trained only with the binary annotated images (copper area and
non-copper area, as shown in Fig. 2) and does not rely on any other prior information,
such as densities of impurities, total mass, and total volume of granules. Our research
opens the possibility of realizing accurate and automatic quality estimation of copper
scrap granules.

3 Method

3.1 CANet Architecture

As shown in Fig. 3, CANet, which consists of a visual transformer-based backbone, a
multi-layer perception-based neck, and a well-designed copper content calculating
head, estimates the copper content using input images of copper scrap granules sam-
ple.

Firstly, CANet uses the backbone of an unsupervised semantic segmentation net-
work (STEGO [21]) to extract pixel-level semantic features of N images belonging to
each sample. This solves the pain point that supervised segmentation networks have
to enumerate and label all types of impurities in advance. We discard the cluster mod-
ule and the CRF module of STEGO and fine-tune the backbone to yield ViT features
for the estimation of copper content.

Secondly, CANet uses a simple multi-layer perception and a softmax layer to gen-
erate the area proportion vector for each image, the softmax operation constrains the
sum of the area proportion vector to be 1 and then computes the integrated area pro-
portion vector for the input sample using a row-wise average pooling layer connected
with a concat-layer. The integrated area proportion vector explicitly describes the area
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proportions of copper and various impurities in the copper scrap granule sample. The
length of each vector is I+1, and the first element (the yellow box in Fig. 3) in the
vector represents the area proportion of copper and the others (the green boxes) indi-
cate the area proportions of various impurities. This novel design of explicit area pro-
portion vector facilitates the network to learn features and distributions of various
impurities from a large amount of data. Here, the same assumption in naive methods
is also adopted.

| . ek
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Fig. 3. Content-Aware network architecture. The area proportion vector describes the area
proportions of copper and various impurities in each image and the integrated area proportion
vector describes the respective average area proportions of copper and various impurities in the
copper scrap granules sample.

Finally, CANet uses a well-designed head to implicitly learn the densities of vari-
ous impurities and explicitly calculate the copper content. Our head consists of a sim-
ple fully connected layer with one output and some basic mathematical operations. In
Fig. 3, we extract the first element of the integrated area proportion vector and multi-
ply it by the density of copper p_ to get the relative mass of copper and feed the

remaining elements of the vector into a single-layer fully connected network to obtain
the sum of the relative mass of all impurities. Then, the relative mass of copper is
divided by the total relative mass of copper scrap granules sample to get the final
copper content. It should be noted that this single fully connected layer is responsible
for learning the densities of various impurities from a large amount of data, which
implicitly solves the problem that it is difficult to accurately determine the densities of
various impurities in the naive method.

When training the network, we only need to label the copper content of each sam-
ple and the area proportion of copper which can be easily computed using annotated
binary images (copper area and non-copper area), without struggling to label the dis-
tributions and contents of various impurities. During model inference, for each copper
scrap granule sample, N input images are captured after stirring the sample N times.
These images are then processed by the CANet, and the copper content is calculated.
CANet estimates the copper content only using input images and does not rely on any
other prior information, such as densities of impurities, total mass, and total volume
of the sample.
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3.2  Multi-task Loss

With the limited annotation work, we propose a multi-task loss to jointly learn the
copper content. Separating the first element of the area proportion vector from other
elements, Loss, (Eg. (3)) and Loss, (Eq. (4)) are used to optimize the backbone

and the neck by learning the area proportion of copper and the sum of the area propor-
tions of all impurities.

N

Loss, =5 2-(p2 02 ) )

= Q)

A

Where, p2 is the prediction of copper area proportion in j, image, and pZ is
J J
the labelled copper area proportion for j, image. P is the prediction of area pro-
J

portion of i, impurity in j, image. It is clear that Loss, and Loss, are the same,

this is because of the softmax used before outputting the area proportion vectors.
Then, for the copper content, Loss, is used to optimize the entire network.

m A M 2
LOSS3 = ( pc - pc ) (5)
Where pT is the prediction of copper content. Finally, the sum of Loss,, Loss,
and Loss, jointly optimize the parameters of the CANet, as shown in Eq. (6).
1 § a Aa 2 m N
Lzﬁ/q’a (pcj_pcj) +/Im(pc_pc)
i1 (6)
Where A, and A control the balance of the learning signals, and in practice, we
find that A, = 0.2 and A, = 0.8 work well. The copper content guides the network

to learn the area proportion vectors, which in turn helps the calculation of copper
content. After training, our CANet can directly calculate the copper content only us-
ing images of the input copper scrap granules sample.
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4 Experiments

In this section, we evaluate the proposed CANet on real copper scrap granule data.
We build a copper scrap granule dataset using real copper scrap granules and conduct
extensive experiments on the dataset to verify the effectiveness of the CANet.

4.1 Datasets

Based on recycled copper scrap granules of different quality, we get 1100 samples
using simple sampling without replacement. For each copper scrap granule sample,
we stir it 64 times and collect corresponding images, which means N <= 64 in Fig.
3. We do not limit the specific implementation method of stirring as long as most of
the copper granules and impurities have the same opportunity to appear on the top
surface and can be captured by the camera.

When generating ground truth for each sample, we only label a copper content sca-
lar and 64 binary semantic segmentation images. The copper content of each sample
is labelled and checked by 10 professional technicians. The copper area proportion of
each image is automatically calculated by the computer based on its corresponding
binary segmentation image. Finally, We split the entire dataset into 800 samples as
the training set and 300 samples as the test set. The copper scrap granules dataset
contains 51200 training images and 19200 test images.

4.2  Experimental Results

To verify the effectiveness of our proposed method, we compare the copper area pro-
portion and copper content estimation results with ground truth. Furthermore, we
discuss the hyperparameter search process and analyze the impacts of the backbone
and decoder through ablation studies.

~— —— Ground Truth
-==- Our prediction
0.94

o
o

=}
~

Copper area propartion

o
o

0.5 1

(I) ?IO 4‘0 60 SIO IOIO
Sorted image id
Fig. 4. Copper area proportion results of 100 images. Without directly predicting segmentation

results, CANet can accurately calculate the area proportion of copper. For convenience, we sort
images in descending order according to the real area proportion.
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Copper Area Proportion Estimation. To verify the effectiveness of the backbone
and neck in CANet, we first analyze the accuracy of copper area proportion in the
area proportion vector. On random 100 images belonging to different test samples, we
calculate the area proportion of copper using the output of the Content-Aware neck
and compare it with ground truth. The comparison results are shown in Fig. 4. It
demonstrates that the neck of CANet is reliable, and the ViT-based backbone can
extract effective features to distinguish copper and non-copper.

e Ground Truth (left)
0.9 1 mmm Our Predictions (right)

Copper content
o
w

Sample id

Fig. 5. Copper content results predicted by our best CANet and corresponding ground truth of
random 10 test samples.

Copper Content Estimation. Our best CANet achieves a 2.87% mean absolute error
(MAE) of copper content on test samples, and we randomly select 10 test samples to
demonstrate the copper content results predicted by our best CANet and correspond-
ing ground truth in Fig. 5. The predicted copper content on test samples is fairly close
to ground truth, demonstrating the utility of our CANet on the copper granules da-
taset.

The experimental results show that even if we do not know the prior information
such as types of impurities, contents of impurities, total mass, and total volume of
samples, CANet can still accurately predict the copper content scrap granules by
learning and perceiving in real dataset.

Hyperparameters Analysis. To analyze the impacts of 4, and A, in the loss func-

tion (Eqg. (6)), we first set both N and I+1 at their maximum values: N=64, 1+1=14.
Then, by adjusting A, (A4, =1-A4,), we train CANet and calculate the MAE of

copper content on the test set. The corresponding results are presented in Table 1. It is
evident that Loss, plays an important role in model convergence, and the intermedi-



Content-Aware Network for Quality Estimation of Copper Scrap Granules 9

ate supervision signal helps model learning. The smallest MAE is achieved when
A, =0.2and 4, =0.8.

Table 1. Copper content errors of different A, and A, when N=64, I+1=14.

A, |0 0ol 018 02 022 025 03 05 1
'(%E 131 355 293 287 292 33 401 436 482

Secondly, fixing A, = 0.2 and setting N to its maximum value (N = 64), we train

different variants of CANet as we adjust the length of the area proportion vector to
search the optimal value for I+1. The test results are presented in Table 2. When
I+1=4, the copper content error reaches 14.3%, and it gradually decreases as the
length increases. At 1+1=10, CANet achieves the minimum error rate of 2.87%. How-
ever, there is no improvement in the estimation accuracy of copper content if
I +1>10, suggesting that our dataset contains about 9 different impurities. When
the length of the area proportion vector is less than the number of impurity types,
CANet can not represent the distribution of all types of impurities very well, resulting
in less accurate copper content prediction.

Table 2. Copper content errors of different 1+1 when A, = 0.2, N =64,

I+1 4 8 9 10 11 14

MAE(
%)

14.3 6.26 4.33 2.87 2.87 2.87

Finally, with A, = 0.2 and 1+1 = 10, we train different variants of CANet as we

adjust the number of input images for each sample. The test results are shown in Ta-
ble 3. If N <32, the model fails to extract sufficient information and features from
input samples, resulting in a sharp decline in accuracy. The proposed minimum num-
ber of input images is 32.

Table 3. Copper content errors of different N when 4, = 0.2, 1+1=10.

N 6 4 3 2 16 8

MAE( 2. 2. 2. 3. 10 3
%) 87 87 87 1 21 6

Ablation Study on Backbone. To better understand the influence of CANet's back-
bone, we use several SOTA backbones to extract the features of input images (replac-
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ing only the STEGO-Backbone module in Fig. 3). The final MAE results for copper
content on the test set are presented in Table 4.

Table 4. Copper content errors of different backbone.

bor'?:"k' STEGO-ViT-Base STEGO-ViT-Small ResNet50 ResNet101
MAE(
%) 287 3.41 13.32 11.57

Both ViT-based backbones and CNN-based backbones listed in Table 4 are pre-
trained on ImageNet and fine-tuned on our training data. STEGO-VIiT-B/8 and
STEGO-VIiT-S/8 respectively refer to the STEGO backbone with ViT-Base and ViT-
Small (8 X8 patches) in [21]. The results indicate that the ViT-based STEGO back-
bone significantly outperforms ResNet in our copper content estimation task.

Ablation Study on Decoder. At the beginning of our research, we designed a simple
and intuitive network as a baseline. Following the same backbone in Fig. 3, this base-
line network uses a fully convolution-based decoder to directly predict the copper
content from concatenated features of the input images. The decoder integrates N ViT
features using five ResNet50 blocks (each block consists of 1 X1 conv, 3 X3 conv,
and 1X1 conv) and outputs the final copper content using a single convolution ker-
nel. The size of the input features is 256 X 256 X 1024, the output size of the five
ResNet50 blocks is respectively 128 X 128X 2048, 64 X 64 X 2048, 32 X 32X 2048, 16
X16X1024, and 8 X8X512 and the size of the single convolution kernel is 8 X8 X
512. This baseline network yields an MAE of 20.63% on our dataset, indicating that
directly using the CNN network to predict copper content is unreliable.

5 Conclusions

In the field of copper scrap granules recycling, we pioneer a ViT-based network that
can accurately estimate the copper content only with the binary labelled images with-
out identifying these unknown impurities and their densities. Experiments on real
copper scrap granule datasets verify the effectiveness and superiority of the proposed
network. Our method makes it possible to realize automatic quality estimation of
copper scrap granules and exhibits a big potential to apply to the quality estimation of
other scrap metals.
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Abstract. The Pillar-based 3D object detector can complete the scene-sensing
task efficiently and quickly, meeting the basic real-time detection needs of the
automatic driving sensing module. In this paper, we propose a Pillar Sequence
Attention Encoder and Dilated Expansion Convolution Network. The former ad-
dresses issues of coarse encoding methods and limitations in encoding infor-
mation during the pillar encoding stage, while the latter tackles the problem of
insufficient receptive fields in the backbone network. We conducted experiments
on the KITTI dataset to validate the performance of our model and the effective-
ness of the proposed modules. Experiments show that our method achieved a
mean average precision(mAP) of 81.48% for the car category, surpassing the
baseline model by 3.12%, while the inference time only increases by about 10ms.

Keywords: 3D object detection, LiDAR, Pillar detector, Attention module, Di-
lated convolution.

1 Introduction

3D object detection based on LiDAR point clouds finds widespread applications in
fields such as autonomous driving perception and robotics, drawing considerable atten-
tion. There have been many studies that have achieved great success in utilizing point
cloud data for 3D object detection. These methods can be categorized into approaches
based on raw points and methods based on regularization processing. Previous research
often suggests that approaches utilizing unprocessed point cloud data can harness the
full information of the original point clouds, leading to superior performance. Con-
versely, methods that employ structured data processing with efficient convolutional
modules tend to offer faster detection speeds. We decided to explore methods based on
regularization processing, specifically focusing on those pillar-based approach.
Pillar-based detection methods usually include the following basic processes: pil-
lar feature encoding, backbone network feature extraction, neck network feature aggre-
gation, and detection head for detection. In the pillar feature encoding phase, recent
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methods have employed averaging or max-pooling methods on the raw point cloud
features within the pillar to obtain pillar features. However, these methods lack explo-
ration and learning of the original point cloud features, resulting in relatively coarse
pillar features. In the feature extraction stage of the backbone network, previous meth-
ods commonly employed sparse convolution for multi-level feature extraction. How-
ever, pillar size limitations and the sparse convolution kernel frequently result in an
insufficient receptive field for backbone networks to meet precise detection require-
ments.

Based on the above analysis, in the pillar feature encoding stage, we propose the
Pillar Sequence Attention Feature Encoder. This encoder is primarily composed of two
modules: the Pillar-based Sequence Attention (PSA) module and the Pillar Feature Soft
Aggregate (PFSA) module. The PSA module capture attention information among
points in the local region of the pillar. The PFSA module finely aggregate information
from points within the pillar. In the feature extraction section of the backbone network,
we propose the Dilated Expansion Convolution Network, which is mainly composed
of two convolution modules: Sparse Dilated Expansion Convolution (SDEC) and
Dense Dilated Expansion Convolution (DDEC). SDEC and DDEC leverage dilated
convolutions to capture feature information with both sparse and dense in wide-ranging
receptive fields. Integrating the previously mentioned encoder and backbone network,
we construct the Pillar-based Attention Expansion Network(PAEN). Our model
achieves competitive performance on the KITTI[1] dataset.

Our work makes the following contributions:

1. We propose a Pillar Sequence Attention Feature Encoder to finely aggregate corre-
lated feature information between points within the pillar. This addresses limitations
in encoding information and the issue of coarse encoding methods.

2. We propose a Dilated Expansion Convolution Network that efficiently utilizes di-
lated convolutions to capture feature information over a large receptive field. This
resolves the issue of insufficient receptive fields in traditional convolutional back-
bone networks.

3. PAEN achieves a notable enhancement in accuracy while maintaining the capability
for real-time detection, providing a novel approach for exploring pillar-based 3D
object detection models.

2 Related Works

According to the representation form of point cloud data, LiDAR-based 3D object de-
tection methods can be broadly categorized into point-based methods and methods
based on regularised processing.

Point-based methods: Point-based methods originated from PointNet[2]. These
methods such as PointRCNNJ[3] and Lidar-RCNN[4] divided the point cloud space into
equally sized clusters and obtained local features at the cluster level. They accom-
plished feature extraction through sampling and aggregation methods.

Regularized processing methods: Regularized processing methods can be divided
into voxel-based processing methods and pillar-based processing methods.
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VoxelNet[5] was the first to propose regularizing sparse point cloud space into voxels.
Specifically, these methods such as SECONDI6] first divided the discrete point cloud
into regular voxel grids, using grid features to replace point cloud features within each
grid. Pillar-based methods were represented by PointPillars[7]. These methods such as
PillarNet[8] and Pillarnext[9] mapped sparse point cloud data to pillars, forming regular
BEV (bird's eye view) pseudo-images.

3 Proposed Methods

In this section, we will provide a detailed explanation of the proposed PAEN model.
The overall structure of PAEN is shown in Fig.1. Firstly, we employ the Pillar Sequence
Attention Feature Encoder to efficiently obtain attention features between points within
pillars. Subsequently, we implement a Dilated Expansion Convolution Network to cap-
ture extensive contextual information. Finally, we utilize a traditional Neck Network to
perform feature fusion tasks, followed by employing a classic anchor box detection
head for object detection and classification.

Dilated Expansion Convolution Network

| Input Spare Features Stage | Stage 2 Stage 3 Stage 4 Output Dense Feature
W0 (H. W, Cy (2, W2,20) (14, Wid, 4C) (18, W8, 8C) (H/16, W16, 8C)

Pillar Feature Backbone Neck
| *'{ I —
Encoder 2D Spare&Dense CNN 2D Dense CNN Anchor Head ‘

Pillar Sequence Attention Feature Encoder

PSA
PSA , . L B Awa
PSA

—>  PFSA ;
. . Dense 2D Featare PE | Position Encoder
» ~, J
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Fig. 1. Illustrates the overall structure of the PAEN model.
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3.1  Pillar Sequence Attention Feature Encoder

3.1.1 Pillar Sequence Attention Module

The structure of the PSA is depicted in Fig.2. The PSA module comprises two levels of
cross-attention. The original point cloud feature data undergoes the first-level cross-
attention in the encoder to obtain cross-attention features, accomplishing the task of
unifying the length of the pillar sequence. The cross-attention features indirectly derive
point-wise self-attention feature information through the second-level cross-attention
in the decoder.



4 Jia Wen and Guanghao Zhang

Cross Attention Features Output Point Features
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Fig. 2. lllustrates the structure of the Pillar Sequence Attention module.

Encoder. In the encoder, we first obtain the input point cloud feature information, de-
noted as F™", which consists of both the point cloud feature information F=(x,y,z,r) and
the relative grid position information R=(x",y",2").

Fin = MLP(F) + PE(R) D
R = (Pi - (Ci X Psize))/Psize 2)

Here, P; represents the global offset distance, Ci denotes the grid index, and Psiz
represents the grid size of the pillar. PE is the position encoding operation, and MLP
refers to the multi-layer perceptron.

Next, the point cloud feature, denoted as F™" is processed through a MLP to derive K
vectors and V vectors, and the learnable fixed-length virtual point set features are used
as Q vectors for cross-attention modeling. The virtual point set feature can be regarded
as several fixed-dimensional virtual points in the point cloud. By using the pillar index
of each point as the index, the scatter_softmax operation restricts the attention weights
of each virtual point to the original points within each pillar. This results in attention
feature information with the same dimensionality, referred to as Cross-Attention Fea-
tures (CAF). We use the cross-attention features with the same feature dimensions as
the pillar sequence features. In this case, the dimensionality of the cross-attention fea-
tures corresponds to the sequence length. This resolves the issue of inconsistent se-
quence lengths in attention modeling.

Q = F’, K = MLP(F™), V = MLP(F™™) 3)
CAF = CrossAttention(Q,K,V) 4

CrossAttention = SoftMaxgcqerer (QKT)V (5)
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Decoder. The PSA decoder utilizes the CAF as the K and V vectors and the original
point cloud feature information as the Q vector to perform cross-attention modeling
again. This process indirectly obtains the self-attention feature information (SF) be-
tween each point within the pillars of the original point cloud.

Q = MLP(Fi®), K=CAF, V= CAF (6)
SF = CrossAttention(Q, K, V) (7
_ SoftMax(QKT)V
CrossAttention = ———— (8)
Vd

On one hand, the decoder further enhances the cross-attention features, indirectly
obtaining the self-attention features between points within the pillar sequence. On the
other hand, it restores the dimensionality of the self-attention features to the dimension-
ality of the original input point cloud features. This design enables the PSA module to
be layered repeatedly, similar to a Transformer, without altering the feature dimensions
of the input data. This stacking progressively strengthens the data’s representational
power, effectively addressing the issue of limited encoded information.

3.2.2 Pillar Feature Soft Aggregation Module

Next, we designed the PFSA module to fully utilize the point feature information
with strong representational capabilities. As shown in Fig.3, the PFSA module takes
the PSA point cloud features as input and utilizes scatter_softmax function to obtain
the weight information of each point within the corresponding pillar. Subsequently, the
PSA point cloud features are weighted by the weight information of each point through
element-wise multiplication.

WP = SoftMaxscareer (FP5) 9
FPFSA _ ppsa , wP (10)
PFPFSA = Addgcarter (FPF5) (11

Here FPS represents the PSA point cloud features, WP represents the weight infor-
mation of each point within its corresponding pillar, SoftMaXscater denotes the scatter
softmax operation, FPF* represents the weighted point cloud feature information,
Addscarer indicates the scatter addition operation, and PFP™A represents the final obtained
pillar features.

PSA point cloud features represent the attention level between points within the pil-
lar, where foreground points have higher feature intensities. This weighting approach
reduces the contribution of background points in the pillar features, enhancing the con-
tribution of foreground points. Finally, the pillar feature information is obtained by
PFSA through a scatter-add operation that aggregates data from all points within the
pillar. The PFSA module refines the inter-point attention information provided by the
PSA module, further refining and fusing the point cloud feature information through a
filtering and selection mechanism. It fully utilizes the powerful expressive point cloud
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feature information provided by the PSA module, effectively solving the problem of
rough aggregation methods.

PSA x3 Scatter Add

Tr 1T

Raw Point Feature PFSA Pillar Feature

Fig. 3. lllustrates the structure of the Pillar Feature Soft Aggregation module.

3.2  Dilated Expansion Convolution Network

In previous studies in the fields of semantic segmentation and object detection, such
as Deeplabv3[10] and YOLOF[11] models, dilated convolutions have been widely used
to effectively expand the model’s receptive field . As illustrated in Fig.4, convolution
kernel with a dilation rate of 1 can handle central local information, while rates greater
than 1 enlarge the receptive field. We employ an Inception-like structure to combine
the convolutional results of kernels with different dilation rates. This approach pre-
serves the original model's receptive field to cover smaller object sizes while leveraging
convolutions with larger dilation rates to expand the receptive field. We refer to this
structure as dilated expansion convolution.

dilation=1 dilation=2 dilation=3 Attending Convolution Feature Grid(Dilation = 3)

Attending Convolution Feature Grid(Dilation = 2)

|Anending Convolution Feature Grid(Dilation = 1)

II:H:E\

T 17T

o .Convo\uliun Feature Grid

IHEEEEE

TTTTTTTT

Bisied
H@H

Fig. 4. lllustrates the receptive field of dilated expansion convolution.

SDEC processes sparse 2D feature data and is composed of multiple layers of sparse
dilated expansion convolution. Each layer consists of a sparse convolution block and
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two sparse dilated expansion convolution blocks. The sparse convolution block primar-
ily used for downsampling sparse 2D feature maps. As shown in Fig.5, the sparse di-
lated expansion convolution block consists of two layers of multiple parallel submani-
fold sparse convolutions. The sparse feature map is initially subjected to sparse convo-
lution operations at different receptive field ranges. Subsequently, the convolutional
feature maps from multiple receptive field sizes are combined with the original input
feature map to obtain the dilated expansion feature map. We refer to this operation as
dilated expansion convolution processing. Next, the obtained dilated expansion features
undergo further dilated expansion convolution processing to further extract sparse fea-
tures.

The DDEC structure is similar to the SDEC, but as it deals with dense 2D feature
data, the DDEC block consists of traditional 2D convolutions. As shown in Fig.5, the
dense dilated expansion convolution block adopts the same structure as the sparse di-
lated expansion convolution block, replacing the submanifold sparse convolution with
ordinary convolution, performing 2D convolution operations at different receptive field
ranges.

SDEC Block ] | DDEC Block

l [nIut

SubMConv2d(d=1} SubMConv2d(d=2)

| ¥

|

SubMConv2d(d=3)

+

Conv2d(d=1)

T

Conv2d(d=2) Conv2d(d=3)

¥ |

!

1—Di\anon0ulput—l— l DilationOutput l
SubMConv2d(d=1) SubMConv2d(d=2) SubMConv2d(d=3) Conv2d(d=1) Conv2d(d=2) Conv2d(d=3)

Output

Output

Fig. 5. lllustrates the Dilated Expansion Convolution Blocks.

3.3 Neck Network Feature Aggregation

In PAEN, the neck network adopts the approach used in previous methods like
VoxelNet[5] and SECONDI6E]. It obtains dense feature maps with downsampling
strides of 8 and 16 from the backbone network. By employing convolution and trans-
posed convolution techniques, feature maps with varying resolutions are processed to
yield feature maps of a uniform size. Finally, the two processed feature maps are
stacked along the channel dimension. The neck network aggregates deep holistic ab-
stract feature information and shallow local fine information generated by the backbone
network, providing more powerful feature information for the detection head.
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3.4  Detection Head and Loss Function

For the detection head and loss function, we follow the classical anchor-based de-
tection head. The loss function employs the same methodology as in previous models
such as VoxelNet[5], SECONDI6], and PointPillars[7]. It includes the following com-
ponents: 1)Classification Loss (Lqs): Formed by the Focal loss[13], this component ad-
dresses the classification loss. 2)Regression Loss (Lrg): Constructed using the Smooth
L1 loss, this component addresses the regression loss. 3)Orientation Loss (Lgir): Com-
prising the Cross-Entropy loss, this component handles the orientation loss.

The regression loss (Lreg) is computed for the deviations between the predicted tar-
get center point, predicted box dimensions, and predicted orientation angle, compared
to the corresponding ground truth labels, i.e.,the regression value between [Xa, Ya, Za,
la, Wa, ha, 85] and [Xg, Yg, Zg, lg, Wg, hg, 0g].

The regression loss formula is defined as follows:

Lreg = Z SmoothL1(Ar) (12)
re[x,y,z1,w,h,0]
The categorical loss formula is defined as follows:
Las = —ae(1 — P)Ylog(P) (13)

Where P is the confidence information obtained by the model for this prediction
frame, and are hyperparameters, which we set as in the previous method,a=0.25,y=2,
respectively.

The total loss function for training is as follows:

L = BasLas + BregLreg + BairLair (14)

We employ a similar strategy to previous methods, assigning proportional weights
to the three losses in the overall loss function: Beis=1+ Preg = 2 and Bair= 0.2.

4 Experiments

41 Dataset Introduction

As a dataset for 3D object detection in autonomous driving, KITTI[1]primarily focuses
on detecting object categories include cars, pedestrians, and cyclists. Detection diffi-
culty is categorized into easy, moderate, and hard based on factors such as the distance
of the object in the scene and whether it is occluded. The calculation of Average Preci-
sion (AP) for the final detection results on the KITTI dataset is divided into two meth-
ods: R11 and R40, based on the number of recall points set.

4.2 Implementation Details

PAEN employs the Adam[14] optimizer for end-to-end training. During training, the
initial learning rate is set to 0.003, and a one-cycle policy is used for updates, with a
weight decay of 0.01. On the KITT]I dataset, we train for 80 epochs using one NVIDIA
RTX 4090 with a batch size of 4. Our model is implemented based on the OpenPCDet


file:///D:/研究生学习/写论文/我的论文/ICIC提交/(ICIC)PAEN.docx%23引用6

Contribution Title (shortened if too long) 9

project, and for data augmentation, we employ strategies such as ground truth sampling
and random horizontal flipping

4.3  Experimental Results on KITTI Dataset

We evaluated PAEN on the KITTI dataset, focusing on the detection performance of
the car category objects at an IOU threshold of 0.7. We used the R40 method to compute
the Average Precision (AP). Evaluation was performed using BEV metrics from KITTI,
comparing with existing single-modal and multi-modal models. PillarNet[8] is em-
ployed as the baseline model, and as it has not been experimented with on the KITTI
dataset, we use the released PillarNet from the OpenPCDet project as our baseline for
evaluation.

The BEV evaluation results of PAEN on the KITTI test set are presented in Table 1.
PAEN achieves detection accuracies of (93.83%, 88.52%, 85.41%) for the easy, mod-
erate, and hard difficulty levels, respectively. Our model exhibits the best performance
in BEV metrics for the car category across all difficulty levels. The improved perfor-
mance validates the effectiveness of the components proposed in our model. Observa-
tions indicate that models like PointPillar[7], PillarNet[8], and PAEN, which utilize a
pillar representation, often outperform on BEV evaluation metrics. We believe that
these models effectively preserve the spatial information of point clouds in a two-di-
mensional format and leverage sophisticated 2D detection techniques to process BEV
features efficiently. This approach allows these models to achieve higher detection ac-
curacy while maintaining real-time performance.

Table 1.  BEV Metrics Detection Results of Car Category Objects in KITTI Test Set .

Method Modality Q:S(EEV) @Calrm 5 o
VoxelNet L 89.35 79.26 77.39
PointPillars L 90.07 86.56 82.81
SECOND L 88.01 79.37 77.95
AFDet L 89.42 85.45 80.56
CenterNet3D L 91.08 88.46 83.62
MV3D L+R 86.62 78.93 69.80
AVOD L+R 89.75 84.95 78.32
F-PointNet L+R 91.17 84.67 74.77
PointPainting L+R 92.45 88.11 83.36
PL++ L+R 84.61 73.80 65.59
PI-RCNN L+R 91.44 85.81 81.00
PillarNet(baseline) L 91.29 86.98 84.55
PAEN(ours) L 93.83 88.52 85.41

4.4 Ablation Experiment

We performed ablation studies on the KITT]I validation set using 3D evaluation criteria
to assess the influence of each proposed components on the overall results.
The effects of PSA and PFSA in the Pillar Sequence Attention Feature Encoder:
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As shown in Table 2, after adding the PSA module for enriching point cloud features,
the mAP increased to 72.81%. Particularly, there was a significant improvement in de-
tecting small targets. The combination of PSA and PFSA modules resulted in an in-
crease in mAP to 73.52%, which is a significant improvement of 3.69% compared to
the baseline model. The PFSA module further filtered and aggregated the rich point
cloud feature information obtained by the PSA module, leading to improved detection
performance across all object categories.

Table 2. Contribution of PSA and PFSA modules to PAEN.

Component 3D Object Detection(%)
Baseline PSA PFSA Cars Cyclists Pedestrians mAP
85.80 45.37 77.51 69.56
N 87.10 50.24 81.09 72.81
N 86.30 48.51 73.99 69.60
N N 87.53 49.96 83.07 73.52

The effects of SDEC and DDEC in the dilated expansion convolution network:

Table 3 demonstrates that when the original basic sparse convolution block is re-
placed individually with the SDEC block or the DDEC block, the detection perfor-
mance for all three categories improves notably as the receptive field of the sparse con-
volution is enlarged. When both SDEC and DDEC blocks are employed together, the
MAP reaches 73.85%, representing a 4.29% increase over the baseline model. This sug-
gests that our dilated expansion convolution network effectively expands the model’s
receptive field through dilated convolutions, which in turn enhances the model’s detec-
tion capabilities.

Table 3. Contribution of SDEC and DDEC modules to PAEN.

Component 3D Object Detection(%)
Baseline SDEC DDEC Cars Cyclists Pedestrians mAP
N 85.80 4537 77.51 69.56
N 88.28 48.10 79.06 71.81
V 87.16 50.07 80.12 7245
N N 88.35 51.11 82.09 73.85

Inference Time Comparison:

We conducted experiments on a NVIDIA RTX4090 and obtained comparative re-
sults of inference time between PAEN and previous classic real-time detection models.
Table 4 illustrates that the PAEN strikes a balance between speed and precision, main-
taining the capability for real-time detection while significantly improving the detection
accuracy.

Table 4. Inference Time Comparison.

Method mAP3D) @Car Interfence Time
SECOND 80.92 64ms
PointPillar 75.29 56ms
PillarNet(Baseline) 78.36 51ms
PAEN(ours) 81.48 62ms
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Visualization of Detection Results:

We visually compared the detection results between the baseline model and our pro-
posed PAEN. Fig.6 illustrates the detection results for three different scenes, with each
column representing one detection scenario. The second row presents the detection re-
sults of the baseline model, and the third row displays the detection results of PAEN.
The PAEN exhibits enhanced abilities in both localization and categorization compared
to the baseline model.

Fig. 6. Visual Comparison of Detection Results between PAEN and Baseline Model.

5 Conclusion

This paper presents a novel 3D object detector based on attention mechanisms and di-
lated convolution, named PAEN. In the pillar feature encoding stage, we propose a
Pillar Sequence Attention Feature Encoder. On one hand, the PSA module enriches the
features of individual raw points by utilizing inter-point attention feature information,
addressing the limitations of traditional pillar encoders. On the other hand, the PFSA
module encodes the point features inside the pillars in a more refined manner to obtain
more powerful pillar feature information, solving the problem of rough encoding in
traditional pillar encoders. In the backbone network feature extraction stage, we pro-
pose a Dilated Expansion Convolution Network. By aggregating features from sparse
and dense feature maps with larger receptive field ranges through SDEC and DDEC,
we compensate for the insufficient receptive field of traditional convolutional backbone
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networks. The experiments demonstrate that the PAEN is capable of achieving higher
precision in detection while maintaining real-time performance.
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dation of China N0.62273293, Shandong Provincial Natural Science Foundation, China
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Abstract. X-ray security inspection is widely used in the subway, high-speed
rail, airports, key locations, logistics, and other scenarios. However, because of
the complexity and diversity of objects in the X-ray images in real-world scenar-
i0s, it is easy for security personnel to make mistakes or miss inspections when
they are fatigued or not fully focused. In this paper, we proposed an improved
model based on YOLOV5 to help security inspectors improve the efficiency of
security inspection procedures. First, we replaced the SPP (spatial pyramid pool-
ing) feature fusion module with SPPFCSPC to further enhance the feature extrac-
tion capability. Then, we added CoordConv before each feature map input to the
detection head. This enables the model to perceive positional information and
enhances its feature extraction capability, effectively addressing the detection of
small prohibited items in complex backgrounds. Finally, we used decoupled de-
tector head instead of the traditional coupled detector head to separate the classi-
fication and localization tasks further improves the detection speed. The experi-
mental results show that our method achieves 77% accuracy. Compared with
state-of-the-art methods, our model also achieves significant improvements in
detection accuracy and recall.

Keywords: Security Object Detection, X-ray, YOLOV5s, Neural Network.

1 Introduction

1.1 A Subsection Sample

X-ray security inspection, as the primary means of security inspection, is widely used
in the subway, high-speed rail, airports, key locations, logistics, and other scenarios.
Due to the large inspection volume and the object's complexity, it is easy for security
personnel to make mistakes or miss inspections when they are fatigued or not fully
focused. On the field of X-ray image security detection, object detection algorithms
have great potential and application prospects. By combining object detection algo-
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rithms with X-ray images, we can achieve fast and accurate identification and position-
ing of potential threats and abnormal situations. This technology has a wide range of
applications that cover aviation.

Object detection task is an important part of the field of computer vision. Before the
popularity of deep learning, limited by computing resources and other constraints, tra-
ditional target detection usually focused on reducing the dependence on computing re-
sources. Like Viola Jones Detectors (original slide windows algorithm) [1], HOG De-
tector (Histogram of directional gradients is used to describe features) [12], and De-
formable Part-based Model (DPM) [3]. After deep neural networks gained attention,
object detection can be divided into two categories: 'two-stage detection' and 'one-stage
detection’. The usual method for two-stage models is first to generate a region proposal
using feature extraction, and then to locate and classify objects based on the region
proposal. Representative models include RCNN (Region-based Convolutional Neural
Networks) [4], Fast RCNN [5], and Faster RCNN [6]. In 2015, Joseph proposed the
groundbreaking detection model YOLO (You Only Look Once) [7,8,9]. The core idea
of YOLO is to treat target detection as a regression problem and make predictions based
on the whole image rather than region suggestions or sliding windows, which is fast
and generalizes well. Since then, the YOLO series has been a focal research point for
many scientists. After YOLOv5 was proposed, a large number of industrial applications
emerged. Subsequent iterations like YOLOX [10], YOLOv7 [11], and other models
with higher accuracy, such as the CornerNet [12] and ExtremeNet [13], also emerged.
These detection models based on anchor-free [14] and DETR [15] series that appeared
after the transformer [16] was introduced into the visual field; however, YOLOVS5 is
still the preferred choice in practical applications in terms of speed and accuracy bal-
ance.

Applying object detection algorithms to X-ray image security detection can not only
improve detection efficiency and accuracy but also reduce the burden of manual oper-
ations, lower error rates, and demonstrate better application potential in some complex
scenarios.

Due to the complexity and diversity of objects in X-ray security inspection images
in real-world scenarios, as well as varying imaging angles, different levels of occlusion,
and overlapping of multiple objects, issues such as missed detections, false detections,
and multiple detections can easily occur. In order to make the model more likely to
detect dangerous items and improve the accuracy of the model, we made the following
specific improvements:

® Pyramid Pooling Module: The SPP (Spatial Pyramid Pooling) module [17] is

replaced with the CSPC (Cross-Stage Partial Connection) structure [18] to en-
hance feature fusion and improve feature extraction capabilities. It effectively
prevents the reduction of recall caused by overlapping objects that are difficult
to detect.

® Coordinate Convolution: After each feature map is fed into the detection head,

the CoordConv convolution is added to perceive spatial information better and
improve spatial awareness.

® Decoupled head: The traditional coupled detection head is replaced with the

decoupled head from YOLOX [10], which divides the classification task and
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the positioning task into two independent tasks, further improving the detection
speed and accuracy.

2 Related Work

In recent years, X-ray image security detection technology has developed rapidly, aim-
ing to improve the ability to identify hidden or blocked contraband in complex security
inspection scenarios. A key research focus is on the development of effective methods
for removing occlusion effects in images and improving the accuracy and reliability of
detection systems. In 2019, a pioneering work by Miao et al. laid the foundation for this
field [19]. The de-occlusion attention module (Depth Attention Module), designed by
the researchers, employed deep learning technology to enhance attention to the charac-
teristics of items obscured by occlusion, resulting in a notable enhancement in detection
performance. In conjunction with this innovation, the researchers also constructed and
publicly released the Occlusion Prohibited Items X-ray (OPI1Xray) data set, which rep-
resents the inaugural high-quality benchmark data set in the domain of security inspec-
tions. This data set has significantly contributed to the advancement and assessment of
related algorithms. In 2021, Tao et al. advanced the state of the art by creating the
HiXray security inspection image dataset [20], which markedly enhanced both quality
and diversity. Building upon this foundation, they introduced the lateral inhibition mod-
ule (Longitudinal Inhibition Module, LIM). This design is inspired by the way the hu-
man visual system processes overlapping object information. It suppresses irrelevant
information and focuses on analyzing key identifiable features, thus maintaining effi-
cient recognition in complex situations where objects cover each other. Tao et al. (2022)
[21] focused on endogenous shift, where the differences between domains are mainly
caused by intrinsic factors (e.g., imaging mechanisms, hardware components, etc.) and
are usually inconspicuous. Then, they contribute the first Endogenous Domain Shift
(EDS) benchmark, X-ray security inspection. Liu et al. (2023) [22] have proposed ad-
versarial attacks that are valuable for evaluating the robustness of deep learning models.
They develop a differentiable converter that facilitates the generation of 3D-printable
objects with adversarial shapes, using the gradients of a surrogate model rather than
directly generating adversarial textures. Furthermore, they present the physical-world
X-ray adversarial attack dataset XAD, providing a valuable resource for evaluating and
enhancing the attack resistance of existing detection models.

3 Method

3.1 SCD-YOLO

YOLOVS5 achieves competitive accuracy in object detection tasks, especially in detect-
ing small objects and crowded scenes. However, due to the inherent characteristics of
the single-stage target detection model, the detection speed is faster, but the accuracy
is slightly lower than the two-stage object detection model. In particular, the accuracy
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of small object and crowded scene detection needs to be improved. In response to the
above problems, we made three improvements to the original model.

Firstly, to improve the feature extraction capability of the model, we replaced the
original feature pyramidal grouping method of the model with SPPFCSPC [23]. En-
hance the model's ability to capture global and contextual information while expanding
the receptive field. Secondly, we introduce coordinate convolution(CoordConv) [24] to
enable our model to better perceive the position information of objects in the image.
Finally, replace the detection head with decoupled head. Each task head is responsible
for handling a specific task. This improves resource utilization efficiency while reduc-
ing the number of model parameters and inference speed and accuracy.

The improved model structure is illustrated in Fig. 1.
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Fig. 1. The architecture of our model.

3.2 SPPFCSPC

Based on the innovative SPPCSPC module in YOLOV?7, it has been noted that it en-
hances the model's ability to adapt to scale variations by employing different sizes of
max-pooling layers to capture different sizes of receptive fields. The experimental re-
sults demonstrate that this approach leads to significant performance improvements. To
enhance the effectiveness of the YOLOv5 model in multi-scale feature fusion, we plan
to incorporate the CSPC (Cross Stage Partial Connections) structure into the existing
SPPF (Spatial Pyramid Pooling Fusion) module of YOLOV5.

A new module called SPPFCSPC was designed, which contains two parallel
branches. One of the branches will be directly involved in the final feature stitching
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process, while maintaining the original simplicity and efficiency. The other branch un-
dergoes two 1x1 convolutional layers and one 3x3 convolutional layer before entering
the pooling phase. This aims to achieve deep fusion and dimensionality reduction of
the input features, in order to extract more representative high-level features. The main
innovation lies in the adoption of the idea of pooling branches with different convolu-
tional kernel sizes (5x5, 9x9, 13x13) from the SPPCSPC module. This idea has been
converted into a single branch, but with the implementation of three consecutive max-
pooling operations of 5x5 in this branch. This is done to simulate the different scales of
receptive fields covered by the original three branches. The feature maps generated by
each max-pooling operation will be used in the preliminary feature linking session to
improve the speed of the model operation without sacrificing the original receptive
field. The structure is depicted in Fig. 2.

MaxPool2d
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MaxPool2d
k13
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K151
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MaxPool2d
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Fig. 2. Structural comparison of SPPCSPC(top) and SPPFCSPC(bottom).

3.3 CoordConv

X-ray security inspection images often have overlapping objects. Traditional convolu-
tions have translation invariance, which allows them to learn essential features for tasks
such as classification. However, when positional information needs to be perceived, the
limitations of traditional convolutions become apparent. In order to allow convolutions
to perceive spatial information, we introduced CoordConv to replace some of the tra-
ditional convolutions, and a CoordConv is added after each output feature map to fur-
ther improve the performance. The main principle is to add two coordinate channels
(representing the x and y coordinates of the original input) behind the input feature map
and then perform traditional convolutions. This enables the convolution process to per-
ceive the spatial information of the feature map, and this method is called CoordConv.
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Using CoordConv, the network can learn translation invariance or a certain degree of
translation dependency based on different task requirements.
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Fig. 3. The structure of CoordConv.

Fig. 3 shows the operation where two coordinates, i and j, are added. Specifically, the
i coordinate channel is an h x x rank-1 matrix with its first row filled with O's, its sec-
ond row filled with 1's, its third row filled with 2's, and so on. The j coordinate channel
is similar, but the columns are filled with constant values instead of rows. And use a
final linear scaling to both the i and j coordinate values so that they fall in the
range [—1,1] For convolution over two dimensions, two (i, j) coordinates are sufficient
to fully specify an input pixel, but, if desired, additional channels can be added to bias
the models towards learning particular solutions. It can also use a third channel for an
r coordinate, where

r=/—h/2)2+({—w/2)? 1)

3.4  Decoupled Head

Typically, conventional detector head structures process the extracted high-level fea-
ture maps directly. They use convolutional or fully-connected layers to output the ob-
ject's positional coordinates (bounding box) and category information. In contrast, the
decoupled head adopts a more refined and targeted structural design.

The decoupled head utilizes a 1x1 convolutional layer to decrease the number of
channels in the feature map to 256. This aims to refine and condense the key features
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and reduce the complexity of subsequent computation. Following this, the architecture
establishes two parallel branch networks, each containing two 3x3 convolutional layers.
These two branches are divided into two tasks. The first is dedicated to the classification
task, which involves extracting rich category information from the features and pre-
cisely determining which category the object belongs to. The second branch focuses on
the regression task, which involves pinpointing the exact position of the object in the
image, i.e. the bounding box coordinates. The reason for adopting a decoupling strategy
is that object classification and location positioning require different feature under-
standing and parsing, and focus on different information dimensions. Separating them
into independent branches helps the model to focus on mining the key features required
by each, which is expected to improve overall detection performance.

In addition, the design of decoupled heads helps to reduce the number of parameters
and computational complexity of the model. This, in turn, reduces the risk of model
overfitting and enhances the model's generalization ability and robustness in different
scenarios. The modular structure design not only improves algorithm execution effi-
ciency but also shows higher accuracy and adaptability in practical applications. The
structure as shown in Fig. 4.
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Fig. 4. The structure of decoupled head.

4 Experimental Results and Discussion

4.1  Dataset Source and Composition

All the images in this experiment are from the EDS [21] dataset. The EDS data set
consists of domainl, domain2 and domain3, each containing approximately 5000 im-
ages. The images were captured by different detection machines, resulting in a total of
14,219 images. The dataset is divided into 10 categories: knife, glass bottle, pressure,
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scissor, umbrella, power bank, lighter, laptop, device, and plastic bottle. To increase
the amount of data, we merged the three parts of the dataset and divided them into
training, validation, and testing sets in a ratio of 8:1:1.

4.2  Experimental Configuration

The training for this experiment was conducted on an NVIDIA GeForce RTX 2080ti
GPU with 11GB memory. The system used was Centos7 and the experimental frame-
work was Python-3.7.16 torch-1.12.1, with CUDA version 10.2. The batch size was set
to 16, and the number of epochs was set to 200. For inference, a Tesla T4 GPU with
16GB memory was used and the batch size was set to 16. All other configurations re-
mained consistent with the training environment.

4.3  Comparison Experiments

To validate the advantages of our proposed SCD-YOLO model over existing main-
stream object detection models on the X-ray contraband detection task, we conducted
an exhaustive comparative review on the EDS dataset. We selected several benchmark
models, including RT-DETR [25], YOLOX [10], YOLOv8n, and YOLOvV8s, and com-
pared their accuracy and average precision mAP50 metrics for each contraband cate-
gory. The results are presented in Table 1.

Table 1. Comparison of classification average accuracy AP (%), mean average accuracy
mAP50 (%) of proposed SCD-YOLO, YOLOv5s, YOLOX, YOLOv8n, YOLOv8s and RT-

DETR.

knife glassbottle scissor  umbrella pressure laptop

YOLOv5s 59.3 68.3 53.7 94.2 86.4 84.8
RT-DETR 60.6 6/.8 57.6 93.6 84.9 83.1
YOLOX 58.7 69.4 49.9 94.4 86.3 83.4
YOLOv8n 57.6 70.0 94.0 95.3 85.7 82.6
YOLOvVS8s 64.4 12.1 58.2 96.3 89.5 86.0
ours 64.9 73.1 58.3 96.4 89.9 87.3

Table 1. Comparison of classification average accuracy AP (%), mean average accuracy
mAP50 (%) of proposed SCD-YOLO, YOLOv5s, YOLOX, YOLOv8n, YOLOv8s and RT-
DETR (continued).

powerbank  device lighter plasticbottle mAP50 (%)

YOLOv5s 70.9 79.0 71.2 73.1 74.1
RT-DETR 715 75.1 69.6 735 73.7
YOLOX 64.4 75.3 66.5 69.9 71.8
YOLOv8n 62.5 75.0 65.9 67.6 71.6
YOLOvV8s 69.2 80.1 71.2 73.4 76.1

ours 72.8 81.4 127 73.6 77.0




Contribution Title (shortened if too long) 9

The table data clearly shows that our SCD-YOLO model outperforms the original
YOLOV5 and other comparative models in terms of overall performance and in each
specific category. Notably, the detection accuracy for three categories of contraband,
namely knives, glass bottles, and pressure vessels, has significantly improved compared
to YOLOVS5s, with an increase of 5.6%, 4.8%, and 4.6% in accuracy, respectively.

On the mAP50 metric, which is a comprehensive measure of detection performance,
the SCD-YOLO model improved by 3.3% compared to RT-DETR, 5.2% compared to
YOLOX, 5.4% compared to the YOLOv8n version, and 0.9% compared to the
YOLOVSs, albeit with a smaller overall improvement. Finally, an increase of 2.9%
compared to the original YOLOV5 model. These results demonstrate the superiority of
our model in the field of X-ray contraband detection and the effectiveness of the im-
provements.

4.4  Ablation Experiments

In order to further verify the validity of the three modules added to the original
YOLOvV5 model and the feasibility of the SCD-YOLO model, we conducted ablation
experiments on the test dataset for the three innovations improved in this paper. It can
be seen from Table 2. Ablation Experiments. that each of our improved modules shows
varying degrees of improvement in the mAP50, mAP50:95 and recall metrics compared
to the original YOLOV5 model. This suggests that our modifications are effective in
improving the detection accuracy of the model. Firstly, we evaluate the mAP50,
mAP50:95 and Recall metrics of the original YOLOv5 model, which yield results of
74.1%, 50.4% and 66.8% respectively. Then we introduced the SPPFCSPC module,
and this improvement resulted in the model’s mAP50, mAP50:95 and Recall improving
by 0.6%, 0.9% and 0.8% relative to the original model. After introducing the Coord-
Conv, mAP50, mAP50:95 and Recall achieved 66.9%, 74.3%, and 51% respectively.
In addition, by adding the Decoupled head, mAP50, mAP50:95 and Recall improved
1%, 1.2% and 1.5% respectively. Finally, our model SCD-YOLO improved the mAP50
metrics by 2.9%, mAP50:95 by 1.6%, and the Recall metrics by 3% over the original
YOLOvV5 model.

Table 2. Ablation Experiments.

SPPFCSPC  Coord- Decoupled  mAP50 MAP50:5:95 Recall

Conv head (%) (%) (%)
74.1 50.4 66.8
V4 74.7 51.3 67.6
4 74.3 51.0 66.9
v 75.1 51.6 68.3
V4 v 75.0 50.5 69.0
V4 v 75.3 52.2 69.6
v v 75.4 52.1 68.7

v v 4 77.0(+2.9) 52.0(+1.6) 69.8(+3.0)
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We also compared the P-R curve between the two models. As shown in Fig. 5, it is
evident that our improved model outperforms the original model. This shows that the
improved model achieved more ideal results in balancing precision and recall, signifi-
cantly improving the model's superior ability to identify target categories.

Fig. 5. P-R training curves of the Yolovbs(left) model and ours(right).

Precision-Recall Curve
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Fig. 5. P-R training curves of the Yolov5s(left) model and ours(right).

The experimental results comprehensively demonstrate the effectiveness of our inno-
vation in the object detection task, affirming the contribution of these methods to per-
formance enhancement. Our approach performs admirably across various evaluation
metrics, thereby further validating its potential for practical applications.

Finally, we present several sets of comparison images to briefly examine the actual

detection results in Fig. 6.
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Fig. 6. Actual detection results comparison: on the left side is yolov5s, and on the right side is
the improved model.

In the first three sets of images, (a)(b)(c) represents that the original model often has
false detections for dangerous items like knives. In the fourth set of images (d), the
original model missed the detection of a knife, and in the fifth and sixth sets (e)(f), it
missed the detection of a lighter. The improved model shows significant improvements
in these cases. This indicates that the improved model performs better in detecting
dangerous items, with a reduction in the number of false alarms and missed detections.
Our method enhances target perception and improves positional accuracy, thereby in-
creasing overall robustness.
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5 Conclusion

In this paper, we proposed a security detection model for X-ray security inspection
images to improve the accuracy of contraband detection. The experimental data showed
that our improvement model SCD-YOLO have significantly improved accuracy and
recall compared to YOLOV5 and other mainstream detection models, which means that
our model can detect more contraband with higher accuracy under the same circum-
stances. While this model may not completely replace human work and there are areas
that necessitate further improvement, it has shown significant promise and practical
significance.

Acknowledgments. This work was supported by the Key R&D Plan of Shandong Province,
China (N0.2021CXGC010102).
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Abstract. Emotional understanding plays a crucial role in various fields related
to human—computer interaction, emotional computing, and human behavior anal-
ysis. However, traditional single-modal methods often struggle to capture the
complexity and subtleties of emotional states. With the advances in eye-tracking
technology and facial expression recognition technology, eye-tracking and facial
expressions provide complementary insight. We combine eye-tracking and facial
expressions to conduct emotional research. Combining these two types of infor-
mation more comprehensively and accurately describes the emotional experience
of individuals and improves upon methods using a single mode. Because human
emotional changes require event induction, the events and methods of emotion
induction are extremely important. We also present a data collection experiment
using emotion theory in psychology. We selected three types of emotion-activat-
ing images (positive, neutral, and negative) from the Chinese Affective Picture
System (CAPS). We design a system to extract features from the collected data,
fusing the multi-modal eye tracking and facial expressions. This system is our
proposed dual-channel multi-modal emotion recognition lightweight network
VGG-inspired LightNet using a convolutional neural network (CNN). This
model achieved an accuracy rate of 96.25% in tests using our gathered data. Com-
pared with single-modal emotion recognition methods, combining eye movement
signals with facial features improves the accuracy and robustness of recognizing
emotional states.

Keywords: Multimodal; Facial expressions; Eye-tracking; Feature fusion;
Emotional recognition.

1 Introduction

Emotions play a crucial role in shaping human interactions and experiences. In today's
digital age, the proliferation of social media platforms and advances in human-com-
puter interaction technologies have triggered a growing interest in emotion recognition
techniques across different disciplines such as computer science, artificial intelligence,


mailto:2022120373@mail.scuec.edu.cn,%20wuyang@mail.scuec.edu.cn
mailto:2022120373@mail.scuec.edu.cn

psychology, and education [M. The vast amount of data generated on online platforms
provides a unique opportunity to gain insights into user emotions, which is crucial for
enhancing the intelligence of computer systems and improving the quality of human-
computer interactions. Despite the growing interest in emotion recognition, existing
approaches still face challenges such as low accuracy, inconsistent performance, and
susceptibility to environmental noise. The popularity of deep learning has made multi-
modal emotion recognition a research focus in emotion classification both domestically
and internationally 1. The rise of deep learning techniques has driven research into
multimodal emotion recognition, which integrates different behavioral expressions to
provide a more comprehensive understanding of emotional states. By exploiting phys-
iological neural states and behavioral expressions at the subconscious level, researchers
aim to improve the accuracy and reliability of emotion classification at home and
abroad. Multimodal emotion recognition methods often combine external behavioral
expressions such as eye tracking and facial expressions to capture a more nuanced un-
derstanding of an individual's emotional state. While external behaviors such as facial
expressions can provide intuitive emotional insights, they can sometimes lack authen-
ticity and reliability. In contrast, physiological neural states provide a hon-invasive and
reliable means of assessing mood. By integrating techniques such as eye-tracking to
analyze visual attention and cognitive processes, together with facial expression analy-
sis, researchers can create a more robust framework for emotion recognition that con-
siders both conscious and subconscious cues. This study lies in the potential of com-
bining eye-tracking and facial expression analysis to improve emotion recognition. By
exploring how these modalities complement each other in capturing emotional states,
this study aims to contribute to the development of more accurate and reliable emotion
recognition systems that can improve human-computer interaction and inform future
developments in artificial intelligence.
We summarize our contributions as follows.

1. Based on relevant psychological theories, we design an emotion induction experi-
ment and collect real-time eye movement signals and facial expression data. The
experiment uses CAPS to prompt emotional responses (i.e., emotion activation).

2. We build a dual channel multimodal emotion recognition model using a CNN to
extract and fuse spatiotemporal features of eye movements and facial expressions
and to classify accurately three different emotions (positive, neutral, negative). Com-
pared with single-mode emotion recognition, the fusion of eye movement signals
and facial features has higher accuracy and reliability when identifying emotional
states.

We structure our paper as follows. Section 2 introduces the related literature. Section
3 describes the production design and collection plan of the datasets. Section 4 dis-
cusses the design of the system model and the analysis of experimental results. Section
5 presents our conclusions.



2 Related Work

2.1  Emotion recognition based on facial expressions

As the external indicator of human emotions, facial expressions have always been one
of the important research directions in the field of computer vision. Recent develop-
ments in facial emotion classification have made significant progress, with the shift
from traditional to deep learning methods becoming significant. Traditional methods
rely on manually designed features or shallow learning techniques, such as local binary
patterns (LBPs) I, local binary patterns from three orthogonal planes (LBP top) P,
non-negative matrix factorization (NMF) [¢], and support vector machines (SVMs) [,
However, these methods have difficulties recognizing emotions in actual environments.
Improvements in computing performance have led facial emotion recognition to tran-
sition to deep learning. Of these, convolutional neural networks (CNNs) €1, VGGNet
1 residual neural network (RESNET) 19, and other deep learning methods have be-
come the main research methods.

However, using facial expressions as the main basis for emotion recognition has
many drawbacks. Different groups of people have varying degrees of concealment of
facial expressions that make it difficult to understand the true emotions of the target
audience. Emotion analyses are divided into two types: discrete models and dimen-
sional models 4, with different researchers using different emotional quantification
models. The emotion quantification model used in this article classifies emotions as
positive, negative, or neutral.

2.2 Emotional recognition based on eye movement

Emotions can also be recognized using biological signals, facial expressions, speech
intonation, and textual features. Recent developments in technology have led to col-
lected eye movement signals as one of the classification features for emotion recogni-
tion. W. -L. Zheng et al 2 uses eye-tracking devices and cameras to record relevant
information about research subjects while watching massive open online course
(MOOC) videos and then classifies their learned emotions. S. Hickson et al I3l uses VR
devices to record subject eye movement information and classifies the collected data
into emotions. The accuracy of the method in five emotion categories has been effec-
tively verified.

These results indicate that using eye movement signals for recognizing emotions has
a certain degree of reliability. Currently, most researchers utilize eye movement fea-
tures such as fixation, blinks, scans, and pupil data directly. We analyze the feature
significance via deep learning and find that pupil diameter and gaze events are the main
indicators of emotional state. We select pupil diameter (maximum, average, minimum),
fixation time, number of fixation points, and first fixation time as classification features
to capture emotional states.



2.3 Based on multimodal emotion recognition

More recently, research has focused on extracting features of different patterns, such as
speech 1, expression %, text (161 and physiological signals ['7), and using machine
learning methods to classify emotions. Emotion is expressed through multiple modes,
and the use of a multimodal data fusion strategy for emotion classification has garnered
significant research interest. At present, multimodal fusion uses speech and text (€],
face and voice 1, EEG and voice %, or electroencephalography (EEG) and face [
for recognition.

Most multimodal emotion recognition uses a variety of external behavior perfor-
mance modes, physiological neural states, and behavioral subconscious behavior. Ex-
ternal performance behavior intuitively and effectively reflects individual emotions, but
it lacks authenticity and reliability. Although the physiological nerve state is non-inva-
sive and reliable, it is also unstable and has features that are difficult to select. At pre-
sent, methods that combine external performance behavior and physiological neurolog-
ical states are not currently widely used in emotion recognition research. Our approach
uses expression and eye movements for modal fusion, which effectively avoids the dif-
ficulties of externally represented behaviors and ensures the stability of eye movement
information reflecting emotions.

3 Data Management Pipeline

3.1  Selection of datasets

In the field of multimodal emotion recognition, existing datasets often fall short in cap-
turing the diverse array of features necessary for comprehensive analysis. Many da-
tasets primarily focus on facial expressions, neglecting other modalities such as eye
movements, which are crucial for a holistic understanding of human emotions. Further-
more, the quality and accuracy of annotations in existing datasets may be compromised
due to various factors such as data collection conditions and subjective biases of anno-
tators, potentially leading to noise and inaccuracies that could impact model training
and evaluation. To address these limitations, we conducted the development of a new
dataset tailored specifically to the requirements of our research. This dataset collection
process ensured both the quality of the data and the accuracy of annotations, providing
a reliable foundation for our study. Moreover, our research focuses on emotion recog-
nition within collaborative learning scenarios, where specific emotional stimuli may
influence task performance. By designing our dataset collection protocol around these
contextual factors, we aimed to ensure the relevance and applicability of the data to our
research objectives. Through the creation of this new dataset, we not only addressed
the gaps present in existing datasets but also contributed to the advancement of the field
by providing a valuable resource for future research endeavors.



3.2  Datasets acquisition scheme

To study the characteristics of eye movements with changes in emotional states, it is
necessary to obtain eye tracking data from subjects under different emotional states.
We designed emaotion induction experiments to stimulate emotional responses. In line
with our categories, we induced three different types of emotions in our subjects: posi-
tive, neutral, and negative. Using materials from the International Affective Picture
System (IAPS) and the Chinese Emotional Material Emotional Image System (CAPS),
we selected a total of 135 images, dividing them into three groups of experiments. Each
group of subjects underwent three rounds of positive, neutral, and negative experi-
ments. We used an EyeLink1000PIlus to record eye movement data and Lenovo high-
definition cameras to record facial expression data. We selected a total of 16 subjects
for the experiment. As subjects viewed the image materials, we obtained facial expres-
sion images through high-definition cameras ?21 and recorded their eye movement in-
formation using an eye-tracking device. Our 16 participants were all college students
with normal or corrected vision and consisted of 7 males and 9 females. To eliminate
the influence of video viewing order, we used alternating playback between AB and
BA to make the participants watch videos in different orders 122,

The experimental process is shown in Fig. 1. First, we explained the experimental
content to the subjects and provided them with reading guidelines. In this experiment,
we used the right eye alone because the movement of both eyes is conjugate, and the
fixation positions of the two eyes are always very close. Therefore, apart from some
paradigms of binocular information confrontation, there is no need to collect binocular
information. Our left and right eyes differentiate into one dominant eye and one non-
dominant eye, and theoretically collecting data from the dominant eye would be more
accurate. However, in terms of practical operation, the determination of the dominant
eye itself is itself controversial. Because more people are right-eye dominant, we chose
that eye for all subjects. Due to the long duration of the experiment, a head fixator was
used to restrict the movement of the subjects’ heads in this experiment. We then cali-
brated of the eye tracker using the 9-point calibration method and a 1000 Hz sample
rate. After the calibration, we began the experiment, with the subjects watching the
carousel images displayed on the computer screen. After the image was displayed for
4 seconds, a calibration eye screen was shown. To prevent the subject’s pupils from
disappearing, a second image appeared, with the whole sequence performed 15 times.
During the process of rotating images, as shown in Fig. 2, we collected data regarding
the subject’s facial expressions and eye movements through high-definition cameras
and eye-tracking devices.
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Fig. 1. Flow chart of the eye movement signal collection experiment.

In this data collection experiment, we collected the data under uniform indoor condi-
tions, with a face video sampling rate of 30 Hz and an EyeLink1000Plus eye tracker
sampling rate of 1000 Hz. The total duration of collected valid data exceeded 200
minutes. Due to improper experimental operation, some eye movement data of three
subjects were lost, possibly due to prolonged experimental time when the subjects
moved their heads, and their pupils were not captured by the eye tracking device. After
data cleaning, the effective rate of eye tracking data exceeded 85%. The number of
events reported by the retained subjects was 883 positive events, 1018 negative events,
and 634 neutral events. Each event only represents one emotional state. The eye move-
ment data collected in the experiment includes gaze data, scanning data, and pupil data.

Fig. 2. Data collection experimental environment.



3.3 Data preprocessing

The facial data initially collected in the experiment is continuous, making it difficult to
align the continuous facial image features with the discrete eye movement data features
in the model. Thus, frame segmentation was required. We labeled the collected video
information and used Python’s CV2 module VideoCapture to read the frames of the
original video. We set the time interval for selecting frames to 6 seconds, with each
round of images displayed for 4 seconds. Assuming a Calibration time of 2 seconds, a
set of data was taken every 6 seconds when changing events. Fig. 3 shows a sample of
our data, where the image was first grayscale, and then enhanced in contrast and bright-
ness via a histogram equalization. Then, a Gaussian filter was used to smooth the image
to reduce the effect of noise. Finally, the image size was standardized to a uniform size
to ensure the consistency of the subsequent facial feature extraction and analysis pro-
cess. The Viola—Jones facial detection algorithm was used to identify key features in
facial images, such as eyes, nose, and mouth. The face key point detector in the Dlib
library was used to extract the coordinate information of facial landmarks, with the
feature vectors of facial expressions calculated based on these feature points, including
the intensity and direction of facial expressions.

Fig. 3. Sample facial expression images.

The original eye movement data collected in the experiment was divided into fixation,
scanning, and event classification. We used the eye tracking instrument and experi-
mental visualization software DataViewer to divide the interest area and extract the
event data within the interest area. Due to the extracted data being stored in a CSV file,
abnormal data needs to be filtered. We removed fixation points less than 100 ms and or
greater than 1000 ms. Due to the high susceptibility of pupil diameter to light exposure,
we used principal component analysis (PCA) to remove the influence of the first prin-
cipal component (light).

Suppose Y isthe M X N matrix representing pupil diameters to the same video
clip from N subjects and M samples. Then Y = A + B + C, where A is luminance in-
fluences which is prominent, and B is emotional influences which we want, and C is
the noises. We use principal component analysis to decompose Y. We extract the first
principal component from PCA to approximate the pupil response for the lighting
changes during the experiments.



4 Model

Based on the basic dataset obtained from the preceding experiment, we designed a mul-
timodal emotion recognition model for facial expressions and eye movement signals
using a CNN. This model combines feature-level fusion and the VGG Inspired Light-
Net structure to perform emation recognition using eye movement data and image data.
Deep learning models automatically learn complex features from input data and gener-
ate an effective classification of emotions through an end-to-end training process.

41 Multimodal model architecture

High-quality facial expression data and eye movement signal data are key to emotion
classification and feature saliency analysis. Therefore, after each portion of the experi-
ment, we have the participants complete the Self Positive and Negative Emotion Scale
(PANAS) to determine the reliability of emotion induction.

We use a random forest to evaluate the importance of eye movement features and
ultimately select pupil diameter (maximum, average, minimum), fixation time, number
of fixation points, and first fixation time as classification features. Preprocessing and
feature extraction have been optimized for classification to reduce training time and
noise influence. Event-based concatenation is performed on the two types of data to
better fit the input of the model. Finally, different machine learning algorithms are used
to construct a single modal classification model, which is then trained and evaluated.

When processing the two types of data (eye movement signals and facial expres-
sions), the model first learns the spatial image features using a CNN and then learns
their temporal features using a Long Short-Term Memory (LSTM) network. In this
way, the model can efficiently capture the temporal information of both data modalities.
We used the Keras framework to build the model, as shown in Fig. 4. The model is
divided into two channels for input, with eye movement and facial expression data
trained through the two models. Eye movement signals are generated through real-time
tracking, while expression modalities are transmitted through static images. Therefore,
we adopted two feature extraction methods. Convolutional neural networks were used
to learn the spatial image features of state frames, and then LSTM was used to learn
their temporal features. The LSTM can remember and use information from previous
time steps, leading to a better understanding of temporal dependencies between data,
which helps to identify temporal patterns and changes in emotional states. We used the
VGG Inspired LightNet model for convolutional neural networks. Inspired by VGGNet
(24 we used fewer convolution kernels and shallower convolution layers. Adopting a
stacked structure of convolutional and pooling layers, features were extracted from im-
ages using different convolutional kernels. A Dropout layer was introduced after each
convolutional block in the convolutional neural network to randomly discard a portion
of neurons during training to prevent overfitting. Using the concatenate layer to fuse
the features of eye movement data and image data, we create a representation that inte-
grates multimodal information. Finally, these extracted features will be used as inputs
to XGBoost and these combined features are used to predict the emotional state (posi-
tive, neutral or negative) through the XGBoost layer. XGBoost is a boosted-tree model



that is efficient, flexible, generalizable, feature-engineering friendly, and has good in-
terpretability when dealing with small datasets.

Input Data
Eye
Images Movements
Data
Face 5
D Preprocessing

Spatial Temporal s i Features
Feature Feature Conence Analysis
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Wy =

XGBoost

Affective Model

Fig. 4. The network structure of dual channel emotion recognition for eye-tracking expressions.

4.2 Feature fusion

The role of eye movement signals in facial expressions is to provide additional infor-
mation and cues to help describe an individual's emotional experience more fully. By
combining eye movement signals and facial expressions, the model can identify emo-
tional states more accurately, improving the accuracy and reliability of identification.
Eye movement signals can reflect an individual's visual attention and cognitive pro-
cesses, wWhile facial expressions can convey emotional states, and the combination of
the two can provide richer information for emotion recognition.

Feature fusion mainly includes feature layer fusion, classification decision layer fu-
sion, and collaborative computing methods. Feature layer fusion focuses on exploring
the feature fusion of multimodal data with different granularities, enabling the organic
combination of different granularities of facial expressions and eye movement modali-
ties, and fully considering the temporal nature of emotions while retaining the im-
portance of global features in emotion recognition. For the fusion method of multi-
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modal classification decision layers, by comparing the performance of different classi-
fiers in single-modal emotion classification of facial expressions or eye movements, as
well as bimodal emotion classification of facial expressions and eye movements, the
influence of individual differences and emotion categories on classifier selection is
deeply studied by the system. Combined with the research on different classifiers ex-
pressing eye movement patterns, we propose an adaptive adjustment of the weight of
facial expressions and eye movement bimodal. We integrate the classification results
through a voting mechanism. The multimodal collaborative computing method empha-
sizes the collaborative use of feature-level fusion and decision-level fusion methods.
Different classification calculation modes are synergistically applied and fused at the
feature layer for different granularities and frequencies of expression and eye move-
ment patterns.

In feature-level fusion, feature vectors from different methods are concatenated to
form a larger feature vector. In our experiments, we select differential entropy features
from eye movement data and facial expression responses and train a fusion model that
combines eye movement features and facial expression features. For decision-level fu-
sion, the two classifiers are trained separately using different features and fused using
certain principles or learning algorithms to generate new classifications. We applied
two principles of decision-level fusion in our study. One is the maximum strategy,
which selects the high probability output of a classifier trained with a single modality
alone as the result. The other is a summation strategy, which summarizes the probabil-
ities of the same sentiment from different bands and selects the higher one.

In the experimental scenario using eye movement data, due to the temporal synchro-
nization between facial data and eye movement information, the two modalities are
triggered based on the same event. Fig. 5 shows the process of multimodal feature fu-
sion by extracting spatiotemporal features of eye movements and expressions. Event-
based concatenation not only better captures contextual information but also facilitates
the model in capturing temporal relationships between events.

| Image ‘ | Eye Movement ‘

Time

| Face Expression ‘ | Eye Movement ‘

| Features Extracted ‘ | Features Extracted ‘

I |
v

| Event Based Feature Fusion ]

!

I Emotion Classification ]

Fig. 5. Feature fusion strategy.
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5 Results

This section presents our dataset, the significance analysis of data features, parameter
settings, and experimental results.

5.1  Generation of datasets

We displayed the selected stimulus material on a 27-inch high-definition display screen
and replaced the image every 4 seconds. Simultaneously, we used a Lenovo Thinkplus
WL24A high-definition camera to record the facial expressions of the subjects and an
Eyelink1000plus to record the eye movement data. The data collection was conducted
under indoor conditions with uniform lighting, with a face video sampling rate of 30
Hz and an eye tracking device sampling rate of 1000 Hz.

The eye movement data is collected as a long string of continuous values. Due to the
low frequency of pupil behavior, we adopt a sub-sampling method for each trial. Due
to the calibration time t. between each round, we denote the image presentation time
for each round as t,, and the first sampled data as t, and define the relationship be-
tween the sub-sampling window time U, and the trial i as:

U@ =to+ (=Dt + (-1 *tp o)

The total number of samples in the datasets was 15210 (divided into 2535 samples by
topic).

5.2 Feature significance analysis

We conducted feature significance analysis on features and emotional labels using the
collected data. As shown in Fig. 6, we used a box plot to perform statistical analysis on
each feature of the sample, displaying the distribution of features under different emo-
tional categories. The 0 in the horizontal axis indicates a negative emotion, 1 indicates
neutral, and 2 indicates positive.

We analyzed three types of pupil size characteristics: maximum, average, and mini-
mum. For the maximum pupil size, we observed that there were multiple outliers in the
data under all three labels, with a very wide range of values. Compared with labels 1
and 2, the median of label 0 was slightly lower, and the interquartile range (IQR) of
label 0 was also narrower than other labels. For the average pupil size feature, we found
that the median of label 0 was lower, and the IQR was more compact than labels 1 and
2, while labels 1 and 2 were similar. All labels had outliers, with the extreme outlier of
label 2 being particularly significant. Finally, regarding the minimum pupil size feature,
we observed that the median of label 0 was significantly lower than labels 1 and 2, and
label 0 had many lower outliers.

Overall, we observed significant differences in pupil size and gaze characteristics
with different experimental conditions or groups. Specifically, label O showed lower
values in all pupil size and gaze features, and the data distribution was more compact,
while labels 1 and 2 exhibited similar or different patterns. These findings may reflect
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differences in visual attention and cognitive processing under different conditions,
providing important clues for further understanding eye movement behavior.
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Fig. 6. Analysis of average pupil size in a certain trial with different subjects.

5.3  Experimental parameters and results

This experiment was run on a server with a CPU of i5-13600kf, a GPU of RTX4070ti,
and a running memory of 32GB. The experimental setup is mainly based on Python
language, with model training set to 200 rounds and a batch size is 64.

Fig. 7 shows the accuracy of different modalities in emotion recognition. In the mul-
timodal versus unimodal experiments, a random forest algorithm was used to predict
eye movement data, and a CNN was used for facial expression training, with VGG
Inspired LightNet used for multimodal training. The data shows that the accuracy of
the multimodal method in negative, neutral, and positive emotions was 98%, 93%, and
96%, respectively, which is significantly better than the single modal method (“eye
movement” and “facial expression”). This shows that, compared with a single mode,
combining multiple modes is more effective for emotion recognition.
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Fig. 7. Analysis of average pupil size in a certain trial with different subjects.

6 CONCLUSION

In this article, we present our construction of an effective emotional activation design
scheme using psychological emotional theory and employing eye-tracking devices and
cameras to record eye movement signals and facial expressions. Based on these data,
we perform event-based concatenation and adopt feature layer fusion. We also design
a dual-channel multimodal emotion recognition model using a CNN that effectively
captures the temporal information of two modal data. In experiments, this model
achieved an average accuracy of 96.25% when classifying emotions. In future work,
we will attempt to increase the fusion of multiple modalities by incorporating electro-
encephalography (EEG).
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Abstract. The intelligent detection of illicit driving behaviors exhibited by two-
wheeled vehicles, encompassing electric two-wheeled vehicles, motorcycles, and
bicycles, constitutes a pivotal facet in developing a contemporary intelligent traf-
fic monitoring system. However, prevailing challenges confront intelligent de-
tection in this domain, manifesting in two principal predicaments. The first chal-
lenge is the absence of pertinent open-source datasets, and the second challenge
is the suboptimal accuracy and swiftness in discerning illicit driving behavior of
two-wheelers within the prevailing object detection model. In response to the
aforementioned challenges, we put forth two potential solutions. Firstly, we con-
struct the two-wheeled vehicle illegal driving behavior detection (TIDBD) da-
taset coupled with annotating 10 driving states, and secondly, we proposed an
efficacious detection model, YOLOV8_VanillaBlock, tailored for detecting ille-
gal driving behavior in two-wheeled vehicles. We experimentally compared
YOLOvV8_VanillaBlock with the original YOLOV8 using the TIDBD dataset em-
ploying evaluation metrics such as floating point operations (FLOPS), mean av-
erage precision (mAP), and GPU inference time. The outcomes indicate that
YOLOv8_VanillaBlock yields superior detection results.

Keywords: Illigal driving behavior detection, Dataset, VanillaBlock.

1 INTRODUCTION

The detection of illegal driving behavior of two-wheeled vehicles is to ascertain
whether the driver, captured in an image, is engaged in unlawful activities, such as
helmet-less driving, cell phone usage, or smoking. The intelligent detection of illegal
driving behavior in two-wheelers facilitates prompt interventions by traffic manage-
ment departments, mitigating the occurrence of traffic accidents. Consequently, it holds
significant practical implications.

However, two issues persist in the current deep neural network-based detection of
two-wheeler illegal driving behavior. The first issue is a lack of pertinent open-source
datasets. In the field of two-wheeler illegal driving behavior detection, most of the open
source datasets only label whether the driver is wearing a helmet or not. [1,2], etc. Con-
sequently, a comprehensive open-source dataset encompassing a complete set of la-
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beled classes for detecting illegal riding behavior in two-wheelers is lacking. The sec-
ond issue is as follows: Mainstream object detection models still exhibit potential for
improvement in two-wheeler illegal driving behavior detection.

Hence, we initially formulated the two-wheeled vehicle illegal driving behavior de-
tection (TIDBD) dataset. After that we designed the VanillaBlock module based on the
idea of VanillaNet [3], resulting in the YOLOvV8_VanillaBlock model.

The main contributions of this study are as follows:

z We constructed a two-wheeler illegal driving behavior detection dataset, compris

ing 3637 images capturing 10 distinct illegal driving behaviors.

z We designed the VanillaBlock module with a reduced layer count, replacing the
C2f module in YOLOVS. This adaptation led to the development of the YOLOvV8
VanillaBlock model.

z Experiments conducted on the TIDBD dataset show that our proposed YOLOv8
VanillaBlock model yielded a significant improvement in detection speed, with a
marginal enhancement in detection accuracy compared to the original YOLOvVS.

2 RELATED WORK

2.1  Object Detection Based On Deep Learning

Object detection in deep learning can be broadly categorized into two types based on
the algorithmic approach: two-stage and one-stage object detection algorithms. Most
popular approaches favor one-stage algorithms because they are less time-consuming
than two-stage algorithms. Representative examples of one-stage object detection al-
gorithms are found in the YOLO series. Since the advent of YOLOv1[4], YOLO has
undergone nine iterations. In 2020, the Ultralytics team introduced YOLOV5 [5], mark-
ing another leap in the YOLO series. YOLOV5 optimized the gradient repetitions in the
backbone network by introducing the CSPNet [6] based on YOLOvV4 [7]. It compressed
model volume, and replaced the spatial pyramid pooling (SSP) module [8] with the
more efficient spatial pyramid pooling-fast (SPPF) module, substantially improving
computation speed. Since then, the YOLO algorithm has undergone two distinct ver-
sions: YOLOvV6[9] and YOLOv7[10]. Another well known version of YOLO is
YOLOvV8[11]. YOLOvV8 employed the C2f module from the E-ELAN network [10] in-
stead of the C3 module in YOLOVS5, providing enhanced gradient flow information.

2.2 Lightweight Feature Extraction Network

Exploring lightweight feature extraction networks remains a prominent focus in re-

search. GhostNet [12] introduced the concept of Yenerating redundant feature maps

by intrinsic IHDWXUH PDSV" WR GHVLJQ D Relehkelts? the JIKW QHXUDO QH!'
utilization of depthwise separable convolution by Ghostnet enables accelerated pro-

cessing on ARMS, CPUs. However, this acceleration is not observed on GPU devices

with sufficient parallel computing capabilities. Therefore, Huawei 1RDKfV $UN /DE LQ
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troduced G-GhostNet [13]. Chen et al. proposed VanillaNet [3] to further achieve ac-
celeration on GPU. VanillaNet seeks to construct the network with as few layers as
possible. Simultaneously, it introduces the series of activation function and the deep
training strategy to address the limited nonlinear capability of shallow networks.

3 TIDBD DATASET

A paucity of datasets pertaining to the detection of illegal driving behavior on two-
wheelers currently exists. Consequently, we have constructed our own dataset TIDBD
which is tailored for detecting illegal driving behavior on two-wheeled vehicles, sur-
passed existing resources by encompassing a broader spectrum of scenarios, collection
methods and diversity of annotation classes. This section explains the data collection
methods, data cleaning contents, and data labeling techniques.

3.1  Data Acquisition

This study employed two approaches for data collection. The first method used a hori-
zontal camera to capture footage at fixed intersections on inner-city roads. Continuous
shooting was conducted at two specific intersections in Wuxi City, spanning from 7:05
am to 10:44 pm on August 11, 2023. We then extracted 1915 images from the captured
videos. The second method entailed capturing images on national, provincial, and
county highways and inner-city roads in Guizhou province, using overhead cameras
positioned on the road. The second method involved collecting a total of 2183 images.

3.2  Data Cleaning and Annotation

Data cleaning adhered to two fundamental principles, ensuring the utilization of perti-
nent and valuable data for the model. The first principle entailed eliminating images
devoid of a moving two-wheeler in the entire image. The second principle involved
cleaning images containing mutilated two-wheelers. After data cleaning, a total of 3637
images were retained. The distribution of the cleaned data is presented in Table 1.

Data annotation also adhered to several principles. The first one is the occlusion
problem, heavily occluded objects were treated as background and remained unlabeled
because the collected data consisted of individual frames without continuity. The sec-
ond principle pertained to the annotation of drivers using mobile phones. Conventional
annotation methods, focusing solely on annotating the cell phone, are logically flawed
for inferring whether the driver is using a cell phone. Additionally, the small and in-
conspicuous shape of the cell phone complicates both annotation and model detection.
We found noticeable bending movement of the arm of the driver when using the cell
phone. Therefore, we also labeled the arm movement (see Fig. 1(b)).
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Fig. 1 depicts some of the labeling methods used in this study. Panel (a) illustrates
the conventional labeling method for 3XVH SKRQH" ZKLOH SDQHO E VKRZFDVHV
ified labeling method adopted in this study. Panels (c) and (d) represent the labeling
classes for SKHOP HWQh&@G ~ UHV SHFWLY H O(f) p8riva@the®bel- H D QG
LQJ FODVVHV IRU 3VPRUHQURDIOW FPQ&RSSY UHVSHFWLYHO\

Table 1. The proportion of different data collection methods and Collection locations in the
clean dataset

National Provincial Prefectural Inner-city Sum
Highways Highways Highways Roads
Horizontal Camera 0% 0% 0% 100% 1654
Overhead Camera 2.67% 8.47% 2.27% 86.59% 1983

Fig.1. Displaying the certain label classes

4 METHOD

Despite the capability of the YOLOV8 detection model to produce results, it exhibited
slow detection speed and unsatisfactory accuracy when applied to our dataset. Hence,
we replaced the C2f module in the backbone of the YOLOv8 model with our improved
VanillaBlock. This section introduces the key components of YOLOVS, including the
CBS module, Bottleneck, and C2f module. Furthermore, it outlines the structure of the
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backbone network used by YOLOVS, followed by an in-depth explanation of the back-
bone network within our proposed YOLOV8_VanillaBlock. The mathematical proof of
the acceleration ratio of the VanillaBlock relative to the C2f module is also discussed.

41 YOLOvV8 Backbone

We introduce some key components before delving into the backbone network of
YOLOvV8, namely the CBS module, the Bottleneck, and the C2f module.

CBS Module. The main module for convolutional operations in YOLOV8 was the CBS
module. It comprised a convolutional layer (Conv2d), a batch normalization layer (BN),
and a SiLU activation function.
Bottleneck. The Bottleneck module adopted a distinctive residual structure incorporat-
ing multiple small convolution kernels instead of a large one. This structural modifica-
tion enhanced network depth while concurrently reducing the overall number of param-
eters. YOLOVS integrated two variants of the Bottleneck module: with or without a
shortcut connection.
C2f Module. C2f essentially combines the ideas of C3 module and ELAN module [14].
C2f module improves the network structure while obtaining rich gradient streaming
information, resulting in enhanced performance of the YOLOv8 model. However, the
C2f module required feature fusion, which increased the computational complexity of
the model, leading to extended training and inference times. Fig. 2 provides an over-
view of the comprehensive structure of the C2f module.

Based on the above components, we give the structure diagram of YOLOV8(Fig. 3.)

[ HxWixC

HxWxC_in

cBs
k=3,5=2,p=1

C 2f ‘ HxWxC_out

Fig. 2 C2f module structure diagram Fig. 3. YOLOV8 backbone diagram
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4.2  VanillaBlock

Chen et al. [3] discovered that the computational speed of neural networks encountered
a bottleneck in the number of layers rather than the number of parameters when using
GPUs with sufficient parallel computing power. We built upon this concept to introduce
VanillaBlock. Unlike the block used in Vanillanet, our VanillaBlock did not incorpo-
rate the deep training strategy. This deviation was intentional as the deep training strat-
egy while reducing computational effort during the inference stage, presents challenges
such as high training costs, and slow convergence speed. The impact of not employing
the deep training strategy on the nonlinear loss was deemed insignificant since
VanillBlock was not exclusively used to construct the backbone of YOLOv8 Va-
nillaBlock but served as an integral part of the entire backbone network together with
other modules. Fig. 4 illustrates the structure of our VanillaBlock, consisting of two
convolutional layers and two pooling layers with an activation function in between. The
final component of the VanillaBlock module was the series activation function consist-
ing of n activation functions, as represented by equation (1).

VanillaBlock

—_— — - — —>| —> —

Fig. 4. VanillaBlock module structure diagram
a
#T LT s TE > 'S;
@b
Equation (1) defines #:T; as a single activation function in the neural network with
input 8 The scaling factor and bias of each activation function, =gnd >yespectively,
are used to prevent the accumulation of identical activation functions.
We estimated the computational complexity of each component in both VanillaBlock

and the C2f module to demonstrate that our proposed VanillaBlock requires less com-
putation than the C2f module. The equations used for the estimation are provided belo

1:%$%5 L* HO H%:H%e HGHG 't
1:$KPPHALA?HY H%H%: HIGHIQIH@ u;
1k%80L * H9 H%H%: HGHG v
1:5# L * H9 HopsHJI® ‘W,

We only considered the computational complexity of the convolution operation in
the C2f module to simplify the equations because it required more computation than
the batch normalization and activation layers. However, we considered the sum of the
computational complexity of the convolutional layer and the activation layer in Va-
nillaBlock. Our standards for computational complexity differed in the C2f module and
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VanillaBlock. However, this difference better illustrated that VanillaBlock required
less computational complexity. Additionally, we assumed that the input feature maps
of each module had the same height ( *), width (9), number of input channels ( %),
and number of output channels ( % ).

Equation (2) defines 1:% %; as the computational complexity of the convolution
operation in the EgCBS structure in the C2f module, where EL sd, and Ggenotes the
convolution kernel size in the EgCBS structure. Equation (3) defines 1: $KPPHAJA?G
as the computational complexity of the Bottleneck structure in the C2f module, where,
G corresponds to the size of the convolution kernel used in the Bottleneck structure,
J Q Irepresents the number of Bottlenecks required in the C2f module (which varied
in different C2f modules at different locations in YOLOvV8), and @lenotes the scaling
factor for different C2f module in different sizes of YOLOv8 models.Equation (4) de-
fines 1k¥$,0 as the computational complexity of the Fy CB structure
(Conv+BatchNorm) in VanillaBlock, where FL sd, and G ydenotes the size of the
convolution kernel used in the FCB structure. Equation (5) defines 1:5 # as the com-
putational complexity of the series activation structure in VanillaBlock, where Jcorre-
sponds to the number of activation functions in the series activation function. The
speedup ratio 50f VanillaBlock with respect to C2f can be calculated using (5)-(6).
1:%B A 1:%S; EL:SKPPHAJA?G

5L
1:8=JEHH=$HK? & 1k¥$o0E 1:5#

%ecHGEQEtG HIQIH@

L
° %ecH Qs E Qg EJ°

X,

For example, let us examine the last C2f module of the YOLOV8I backbone and the
last VanillaBlock of the YOLOv8_VanillaBlock_| backbone. In this case, we
have GLG LU JQILU @LsGLS GsL GgL sand JL v We can ig-
nore Jbecause it is significantly smaller than %, cleading us to conclude that 5L u't

4.3 YOLOvV8 VanillaBlock

We developed a novel backbone network named YOLOvV8_VanillaBlock to enhance
the detection speed of YOLOvV8 on GPUs, built upon the VanillaBlock. The overall
structure of YOLOV8_VanillaBlock is elucidated in Fig. 5. YOLOv8_VanillaBlock
comprised five CBS modules and four VanillaBlock modules, culminating with the
SPPF module.

Fig. 2. indicates that each C2f module encompassed a substantial number of bottle-
necks involving operations such as feature fusion and shortcut connections, increasing
the complexity of the network. Additionally, each bottleneck module includes at least
two ordinary convolutional modules and several activation functions, resulting in a high
number of layers that are not suitable for GPU parallel computing. We replaced the C2f
module 2 the most intricate module with the highest number of layers in the YOLOV8
backbone 2 with the straightforward and efficient VanillaBlock module introduced in
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the preceding section to alleviate the computational burden and streamline the com-
plexity of the backbone network. We retained the CBS module to increase the nonlin-
earity of the network and the already efficient SPPF module.

Details
VanillaBlock J

CBS
k=1,5=1,p=0

MaxPool2d

MaxPool2d

VanillaBlock
act_num=4

VanillaBlock
act_num=8

MaxPool2d

suogyoeg

Concat

CBS
k=1.s=1,p=0

VanillaBlock
act_num=8

Serial activation
act_num=n

VanillaBlock
act_num=4

Fig. 5. YOLOvV8_VanillaBlock backbone network structure diagram

5 EXPERIMENT

The TIDBD dataset, introduced in Chapter 3, was divided into three parts: 10% was
allocated for the test set, 15% for the validation set, and the remaining part served as
the training set. The NVIDIA RTX 3090 GPU was employed for training, while the
NVIDIA RTX 3070ti GPU was used for testing.

5.1 Metrics

The metric employed for accuracy was mAP50, denoting the mean average precision
(mAP) across each class at an 10U threshold of 0.5. Equation (7) shows the calculation

formula. B
A2
%

1#2 L Y,

where %epresents all classes to be detected and # 2scorresponds to the average pre-
cision for class ?
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The detection speed was evaluated by considering the time required for the entire
detection model to predict an image, including preprocessing time, inference time, and
postprocessing time. We used the frames per second (FPS) evaluation metric to demon-
strate the improved real-time performance of our method.

Furthermore, we tested the number of FLOPs required by each model. This metric
offered a more intuitive explanation for the reduction in detection time achieved by our
models on GPUEs.

5.2 Evaluation Using TIDBD Dataset

Comparison of Detection Accuracy and FLOPs. We conducted experiments on the
TIDBD dataset using larger-sized YOLOv8I and YOLOv8_VanillaBlock_| models to
balance detection accuracy and model size. We compared the two models based on the
average precision (AP50) evaluation criterion. The experimental results (Fig. 6) demon-
strated that our proposed YOLOvV8 VanillaBlock_| outperformed the original
YOLOvV8I in detecting 3XVH S KFQKVR S \6thé&r QaSses.

We conducted experiments on the following five models to illustrate the effective-
ness of the proposed VanillaBlock in improving accuracy and reducing computation
across all YOLOvS8 sizes: n, s, m, |, and x. The results are summarized in Table 2, which
clearly shows the significant advantages of our YOLOv8_VanillaBlock model across
all sizes. Our proposed YOLOvV8_VanillaBlock model with corresponding sizes re-
duced the FLOPs by 18.5%, 21.8%, 30.2%, 26.7%, and 37.5% compared to the original
YOLOvV8 model with sizes n, s, m, |, X, respectively. It improved mAP50 by 1.45%,
0.5%, 0.18%, 1.31%, and 2.2%, respectively. These results demonstrate that our
YOLOv8_VanillaBlock model attained higher accuracy while reducing FLOPs than
the original YOLOvV8 model.

The detection accuracy of YOLOv8_VanillaBlock_| and YOLOv8I on the TIDBD dataset

= olov8|_VanillaBlock
s Yolovsl

80 1

AP50(%)

a8 a2 a2 88 A2 3L X X e
N o8 s o O & oo o AR N (\o"ﬁ
oS- o0~ oel el oe’ oe’ o of e ® 5
of Y o) o) oy ¥ 0~ o
« ol o o of o
o o wr ot o~
N < A\ <
Object Class

Fig. 6. Comparison of AP50 of different detection classes on the TIDBD dataset between
YOLOv8_VanillaBlock_| and YOLOvSI
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Table 2. Comparison of mAP50 and FLOPs between all sizes of YOLOvV8_VanillaBlock and

YOLOv8

Models FLOPs(G) mAP50 Image size
(pixels)

YOLOvVS8n 8.1 49.10 1088
YOLOvS8s 28.5 61.63 1088
YOLOv8m 78.8 64.15 1088
YOLOvSI 165.0 64.79 1088
YOLOV8X 257.6 66.73 1088
YOLOVE_Ve- 6.6 50,55 1088
nillaBlock_n
VOLOVE_Va- 22.3 62.13 1088
nillaBlock_s
YOLOVE_Ve- 55.0 64.33 1088
nillaBlock_m
VOLOVE_Va- 120.9 66.10 1088
nillaBlock_|
YOLOVE_Ve- 161.1 68.93 1088
nillaBlock x

Comparison of Detection Speed and Real-time Performance. We conducted tests on
detection time and FPS for input images scaled to 320, 640, and 1088 to underscore the
superiority of the proposed model in terms of detection speed and real-time perfor-
mance. The detection time test results are presented in Fig. 7, and the FPS test results
are depicted in Table 3.

Fig. 7 shows the models of the same size by lines of the same color, with
YOLOv8 VanillaBlock represented by a solid line and original YOLOV8 by a dashed
line. From Fig. 7 we can see that the detection time of the YOLOv8 VanillaBlock
model was consistently lower than that of the original YOLOv8 model of the corre-
sponding size for the same input image size. The improvement in detection speed was
notably pronounced when the input image size was 1088.

Table 3 illustrates that, with the input images of the same size, the YOLOv8_Va-
nillaBlock model processed a higher number of frames per second than the original
YOLOv8 model. When the input image was 1088, the FPS of YOLOv8_VanillaBlock
was 14.2%, 3.9%, 13.7%, 16.1%, 30.2% higher than that of original YOLOv8 of the
corresponding size. The outcome demonstrates that our proposed method can signifi-
cantly enhance the detection speed of YOLOVS.



Efficient Detection Model of Illegal Driving Behavior in Two-Wheeled Vehicles 11

Detection time comparison

701 —a— YOLOV8_VanillaBlock_n

—e— YOLOv8 VanillaBlock_s
—¥— YOLOv8 VanillaBlock_m
—+— YOLOv8 VanillaBlock |

YOLOv8_Vani | |aBlock_x
--&- YOLOv8n

60

50

-=- YOLOv8s ook
--¥- YOLOv8m 1 JEP
-+= YOLOV8I 2=

YOLOv8x

N
S

Speed (ms)

w
o

20

320 640 1088

Image size

Fig. 7. Comparison of detection speed of YOLOv8_VanillaBlock and
YOLOV8 on images of different scaled versions

Table 3. FPS of YOLOvV8_VanillaBlock VS YOLOv8 with different

sizes of input images

sizes(pixels) 320 640 1088
Models
YOLOvVS8n 90.87 86.43 60.94
YOLOvV8s 88.51 86.21 52.49
YOLOv8m 73.74 60.38 30.20
YOLOvSI 68.17 48.37 20.65
YOLOvV8x 58.56 32.76 14.46
YOLOvV8_VanillaBlock_n 101.03 98.38 69.62
YOLOV8_VanillaBlock_s 94.90 94.17 54.52
YOLOvV8_ VanillaBlock_m 89.48 69.82 34.35
YOLOvV8_VanillaBlock_| 82.22 53.30 23.98
YOLOV8_VanillaBlock_x 77.39 43.54 18.84

6 CONCLUSION

This study introduces the detection of illegal driving behavior in two-wheelers employ-
ing the YOLOV8_VanillaBlock model. In the initial phase, real-world data was col-
lected, cleaned, labeled, and used to construct the TIDBD dataset. Subsequently, the
YOLOvV8_VanillaBlock model was proposed. Next, we mathematically proved that our
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proposed model has smaller computational complexity. Finally, we did a comparative
experiment on TIDBD dataset. The experimental results on the TIDBD dataset showed
a substantial increase in detection speed with a minor improvement in accuracy com-
pared to YOLOV8. Future endeavors include accomplishing more complex tasks of de-
tecting two-wheeler illegal driving behavior on our dataset while continually improving
the performance of the model.
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ing, China University of Petroleum, Beijing.
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Abstract. In this work, we introduce a novel Hybrid Convolutional Network de-
signed for efficient object detection and muali&ss counting in varied applica-
tions such as aerial phap@phy and surveillance. Leveraging the strengths of
hybrid networks, our model facilitates the simultaneous execution of detection
and counting tasks by sharing common network structures, thereby accelerating
the image analysis process and enhancing reafeneralization. We propose a
novel DensityAware NornMaximum Suppression algorithm that adaptively ad-
justs the Intersection over Union (loU) threshold according to object density, en-
suring robust detection performance in both dense and sparse scetigdenAd

ally, we introduce a Region Suppression Module that leverages detection out-
comes to minimize noise in density maps, further improving counting accuracy.
Through comprehensive experiments, our approach demonstratesf-stetart
performance in couimg tasks and competitive accuracy in detection tasks across
various datasets, while maintaining high processing speed.

Keywords: Object DetectionObject CountingMulti-Task Learning

1 Introduction

Object detection and counting play important roles in computer vision tasks and have
gained increasing attention in a wide range of applications, including aerial photog-
raphy and surveillance. Most detection methods achieve high accuracy in detection but
have low accuracy in counting. In contrast, most counting methods focus on counting
accuracy without precise localization of each individual. Therefore, it is very challeng-
ing to take both requirements into account in-weatld scenarios.
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Most methods hard these tasks separately. In terms of detection, for instance,
Wang et al. proposed the mesditale information prediction network MXOLO to
improve the detection ability on unmanned aerial vehickgstured scenariofl].
Meethal et al. proposed the iefént Cascaded Zooiim detector that rpurposes the
detector itself for densitguided training and infereng2]. Although the above meth-
ods can achieve great detection accuracy, they often yield unsatisfactory counting re-
sults in cases of dense sceaes occlusions. In terms of counting, contemporary ad-
vanced counting methods predominantly rely on density map estimation. For instance,
Fu et al. proposed MSCNH], a novel multiscale dilated convolution chanrelvare
deep network for vehicle countinglharrouss et al. proposed a dilated and scaled neu-
ral networks for feature extraction and density crowd estim@ioriDespite the excel-
lent performance these methods achieve, counting methods based on density map esti-
PDWLRQ FDQTW DFEdEEEWHO\ ORFDOL]H WK

Naturally, to achieve both satisfactory detection and counting accuracies, one appar-
ent approach is to deploy separate models for object detection and counting. Neverthe-
less, using the two models to process this task separately would be morgatamp
ally expensive. A hybrid network is more suitable and efficient in this situation because
1) it can share common network structures to accelerate the image analysis process, 2)
it generally has performance advantages as it learns more generaized<ahan a
singletask network under the same datd&§t Therefore, it is essential to explore
multi-task approaches that can simultaneously perform detection and counting tasks.

This paper proposes a novel approach for simultaneous object detewtiomubi
class counting. The overall workflow of the proposedhudtis fiown inFig. 1. Firdly,
we propose a hybrid network that concurrently detects objects and estimates counts,
comprising several key modules: a shared Backbone Network and FeatoreNodi
ule for feature extraction and fusion, followed by separate detection and density map
estimation branches. For the predicted detection boxes, we propose a novel-Density
Aware NorrMaximum Suppression algorithm that adaptively adjusts the Intersection
over Union (loU) threshold according to object density, ensuring robust detection per-
formance in both dense and sparse scenes. For the predicted density maps, we propose
a Region Suppression Module, which leverages predicted detection boxes to assist in
producing highquality density maps and effectively reducing noise. The main contri-
butions of this paper are as follows:

1. We propose a hybrid convolutional network architecture that efficiently combines
object detection and muitilass counting task$his integration allows for simulta-
neous processing, which not only accelerates the analysis of images but also en-
hances the generalization capability of the network across various tasks.

2. We introduce a novel Densifware NMS algorithm that dynamically psts the
loU threshold based on the local density of objects. This adaptive approach ensure
robust detection performance in both dense and sparse scenes.

3. We propose a Region Suppression Module that utilizes detection results to refine
density maps. This adule effectively reduces noise in the density maps, leading to
more accurate and reliable counting outcomes.
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4. We formulate an AdaptiviVeight Joint Loss function that enables the-eménd
training of our hybrid network. This approach optimally balanbesl¢arning be-
tween detection and counting tasks, which results in improved overall performance

of the network.
Density-Aware NMS H Den;i;\;?sgrr:ﬂswzed

Predicted
Detection Boxes

Detection Boxes
and
Counts

Hybrid
Network

Predicted
Density Maps

Region Suppression Suppressed
Module Density Maps

Fig. 1. The overall workflow of the proposed method.

2 Related work

2.1  Object Detection

With the rapid development of deep learning, significaogpess has been made in the
field of object detection. Current mainstream object detection algorithms can be divided
into two-stage detectors and eatage detectors.

Two-stage detectors complete the task in two steps: first, a set of proposals is ob-
tainad from the feature maps, and then features in these proposals are used to locate and
classify the objects. Examples of t@tage methods include-@NN [6], Fast RCNN
[7] and Faster ENN [8].

Singlestage detectors treat object detection as a regression problem and use a uni-
fied deep neural network for feature extraction, object classification and bounding box
regression, achieving eftd-end reasoning. SSI[®] and YOLGOseries[10-17] are
milegones in onestage detection methods.

2.2 Object Counting

Contemporary advanced counting techniques predominantly rely on density map esti-
mation. However, most of these methods were initially developed for tasks involving
the counting of singlelass objectdror instance, MCNN18] employs a multcolumn
architecture designed to capture features at various scales, making it highly effective
for scenes with varying object sizes. CSRN&f leverages a deep learning model that
incorporates dilated convolutions extend the field of view of filters, enabling effec-

tive feature extraction in crowded scenes.

Transitioning to multiclass object counting, the landscape is markedly less ex-
plored. A pivotal study by Wei et al. introduces the DilaSshleAware Categor-
Attention ConvNet (DSACA), a groundbreaking framework specifically devised for
multi-class counting task20]. This innovative approach not only tackles the inherent
challenge of multclass counting but also introduces the Categgtgntion Module
(CAM). CAM is ingeniously designed to mitigate the inttass interference often
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encountered in density maps, marking a significant stride towards resolving one of the
key complexities in mulitlass object counting.

3  Approach

This section offers detailed exposition of various aspects, including label generation,
network architecture, postprocessing and loss function design.
3.1 Density Map Label Generation for Multi-Task Model

Most counting methods use point labels to represent objects in images, apphing a 2
Gaussian kernel to create a density map. However, this approach struggles with deter-
mining the appropriate kernel size and variance for varied object sizes and scales. In
the proposed detectiesounting multitask framework, we utilize bounding box anno-
tations to generate density maps that more accurately reflect the size and scale of objects
within an image. Moreover, to support mudtass counting, our method introduces
multi-class density maps to distinguish between different types of objects.

To generate the multilass density map labell- ¢IL < - °B 4 L °Ewe po-
sition the center of each Gaussian kerhelldJ; at the object's centroid within its
bounding boxand sum up the contributions of all kernels across the image. This process
can be formalized as:

1 §O0aM L Al ) :TF TAUF Ws @)

Here, Ogrepresents the number of objects belonging to cate@oryhe image, and
: Tgddy denotes the centroid coordinates of #k object's bounding box. This formu-
lation ensures that each pixel value/of © ©@presents the estimated densitpljects
with class ?at that location, with higher values indicating greater likelihoods of object
presence.

For each object within an image, represented by its bounding box, we compute a 2
D Gaussian kerne) : TaJ; as follows:

):TAS L U)YT) U 2
_ 5 ?ké7€\~6)' ] ﬁ ﬁ
)T,LﬁA - a aF GUQTQ GU (3)
g 2o ) ]
JiULg—A & aF PUQTQHU (4)

Here, ) :T;and) :U; represent Gaussian functions along the x and y axes, respec-
tively. @epresents the amplification factor used to amplify the difference in values in
the density map, and experiments have shown that it can improve perforntgaand.

G represent thedenel size in x and y axes, respectively.
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In point annotation based methods, the Gaussian kernelGizesl G can only be
estimated. As a multitasking network, we take the wigifand heightQof each ob-
ject's bounding box as the correspondBeaussian kernel sizes, as follows:

G LSy ©)
G LDy (6)

As for the variancePof Gaussian function, we follow the traditional approach as
follows [18]:

P L AG ()
R LAG )

Here, Ais a hyperparameter.
3.2 Hybrid Network

As shavn in Fig. 1, the architeture of our network is conceptually straightforward.
Initially, it comprises a shared Backbone and a Feature Fusion Module to extract and
fuse features. Subsequently, the output of the Feature Fusion Module is fed into the
Detection Brach and MultiClass Density Map Estimation Branch to fulfill their re-
spective tasks. The Detection Branch employs an arffol®multiscale detection ap-
proach, while the MultClass Density Map Estimation Branch is designed to support
multi-class countingAll layers are specifically designed to be lightweight and efficient,
thereby gaining fast processing speed.

Backbone and Feature Fusion ModuleThe primary function of the backbone net-
work is to extract features from images. However, due to perspeftaas, the scale

of objects within a scene can vary significantly, and directly utilizing deep features
generated by the backbone network may lead to the loss of features for smaller objects.
To address this challenge, various methods have been progosedas-PN [21],

among others. Considering a balance between accuracy and lightweight design, we em-
ploy CSPDarknef17] and PANet[22] as our Backbone and Feature Fusion Module,
respectively. We select the outputs of P3, P4, and P5 (corresponding to 8x, 16x, and
32x downsampling relative to the original image) as the inputs for subsequent modules.

Detection Branch As shavn inFig. 2, in the Detection Branch, we utilize anchfree

and decoupled heads currently used in advanced object detection techniques such as
YOLOX [23], YOLOV6 [15], YOLOV7 [16], and YOLOv8[17]. Specifically, the de-

tection branch adopts a series of convolutionalrayéth a kernel size of 3, followed

by batch normalization and SiLU activation functions. In the end, a convolutional layer
with a kernel size of 1 is applied. The prediction is split into two separate tasks: bound-
ing box regression and class predictidhis allows the network to adjust its weights

more effectively for each specific task.
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Detection Branch

Batch . Conv
Mo sity Kernghsize=3
HHIEE = Filter=128/64/64

Conv
SiLU Kernel-size=3
Filter=128/64/64

—  Kemel-size=3
Filter=128/64/64

Conv
Batch ) n 3
Normalization St H Kerngl-size=1 Box

P5/Pafe3

s Batch

Kerneksie=3 :
Filter—128/64/54 Normalization

Batch
Normalization

Fig. 2. The architecture of Detection Branch. 'Filter= ? denotes the filter sizes of the con-
volution layers, corresponding to the inputs P5, P4, andeBBectively.

Multi -Class Density Map Estimation Branch As depicted inFig. 3, our Multi-Class
Density Map Estimation Branch is strategically designed for efficiency. Initially, we
opt for P3 (which entails an 8x downsampling ratio relative to the ofigiee size)

as the foundational input. To augment the network's receptive field, dilated convolu-
tions are strategically utilized within the counting head. With inference speed as a crit-
ical consideration, we consciously abstain from employing deconenlatiinterpola-

tion techniques for feature map enlargement within this branch. Furthermore, to facili-
tate the prediction of distinct density maps for each category, the dimensionality of the
output layer is meticulously aligned with the number of classes.

Multi-Class Density Map Estimation Network Branch

p pe ~
| Dilated Conv Dilated Conv
Kernel-size=3

1

|

1

|

o - - ~ ; \ o~ ~ - |

[ Conv |

Batch . ize=: Batch q !

Filter=54 Normalization =l R . malc ti Situ e !
= jlormalization Fitter=C \
\ J V. 8 J L ) I

1

Filter=64
| Dilation-rate=2 Dilation-rate=2
h Predicted Density Maps

Fig. 3. The architecture of MukClass Density Map Estimation Branch.

3.3 Density-Aware NMS

In object detection frameworks, Ndvlaximum Suppression (NMS) is crucial for re-
ducing redundancy among bounding boxes, aiming to represent each detected object
with a single, most accurate box. Traditional NMS methods (named Gi¥&) ap-

ply a fixed Intersection over Union (loU) threshold to filter out overlapping boxes.
However, this approach can be suboptimal in varying object density scenarios, where a
singlethreshold may not suit both dense and sparse regions.

To address this challenge, Liu et al. introduced an Adaptive M First, it in-
troduced a sulmetwork, taking the objectness predictions, bounding box predictions
and conv features as input, tdiegte the density score of each box. Then, during the
NMS process, it adaptively adjusts the loU threshold based on the density score.

This methodology has inspired us to optimize the NMS process using the output of
Multi-Class Density Map Estimation Breim In Adaptive NMS, the density score is
defined as the maximum bounding box loU with other objects within the ground truth
set. As a hybrid network, we can more intuitively measure the density score by the
Multi-Class Density Map Estimation Branch. Spieelly, for a predicted boxy;
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belonging to category we define the corresponding density sc@as the sum of
values within the area of the box on a density majrelong to class? The formula is
as follows:

@L Agsipn o TaS 9)

This density score intuitively reflects the local density within the area of each box.
In the density map, if objects do not overlap, the sum of the area within the density map
for each box should equal 1 (This is determined by the properties of Gaussiaisk
introduced bysection.3.1), that is, @ L s Therefore, a sum greater than 1 suggests a
high probability of overlap among objects.

Our method, named Densijware NMS, as outlined in the psendode inFig. 4.

The cornerstone of our methodologytlie adjustment of the loU threshold for each
box, contingent on its density score. In regions of low density (density §gbxen-
dicative of minimal object overlap, we adopt a lower loU threshglgio diminish

box redundancy whilst maintaining téetion precision. Conversely, in areas of high
density (density scor® 1), where object overlap is more probable, we impose a higher
loU threshold Ry gto accommodate the closeness of valid detections.

Input:
B ={by;::u5baYsi S =Asrzr0i85}
Di=d{dy;:=+:d5}; ¥, tows thigh
B is the list of predicted detection boxes
S is the list of predicted confidence scores
D is the list of corresponding density scores
t is the IoU threshold of Greedy-NMS
tiow 18 the IoU threshold for low-density regions
thign is the IoU threshold for high-density regions
Output:
B’ is the list of density-optimized detection boxes
S is the list of corresponding confidence scores
begin
B «{}
while B # empty do
m ¢ argmaxs;,s; € S
i

if d,, <1 then
t = liow
else
t = thigh
end if
B « B U{by}:B+ B—{bn}: D+ D—{d,}
for each b; in B do
if iou(b,,,b;) > t then
| B—~B—{b};S+ S—{s:i};D+ D—{dn}
end if
end for
end while

return B', S
end

Fig. 4. The pseudaodes ofGreedyNMS and DensityAware NMS. Text highlighted in red
represents the GreedyMS, while text highlighted in blue pertains to the Dengityare NMS
proposed in this paper.

3.4 Region Suppression Module

While Density Map Estimation Branch is capable of outputting count results for differ-
ent classes, we observed that density maps for specific class are easily affected by other
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classes and backgrounds. Inspired by Rol (Region of Interest) of FaStéNRwe use

the detections produced by the detection branch to generate an interesting region for
each class, and then suppress-imd@resting region, thereby reducing noise. Specifi-
cally, as Bown inFig. 5, first, a confidence threshol&, ¢ 45 employed for predicted
detections$to produce interesting detectiods’ 4¢2 2 2rRen, the interesting region,
denoted as; , is generated from interesting detecticht$? ¢ 2 2 9ikch assigns a value

of 1 to pixels within the boxes drD otherwise:

E BraJ, pgUacoac=c

¢ .:TaJ; L\S
r KBANSEOA

(10)

Here, Tand Uare the coordinates in the density maps, arepresents the specific
class of the object. The suppressed density mdp obtained by Hadamard Product
of the original density map with the interesting regiort , filtering out the areas out-
side the region of interests and reducing noise:

| o TAL L/ g TALV ¢ .1 TAY (1D

Predicted Detection Boxes Interesting Detections Interesting Region
for Person-Class Byerson for Person-Class Bn{Srest for Person-Class Myerson

Predicted Density Map Suppressed Density Map
for Person-Class Mperson for Person-Class Mperson

©

Hadamard Product

Fig. 5. Detailed workflow of the RegioBuppression Module. The noise is indicated within the
orange oval.

3.5 LossFunction

We introducean adaptiveweight joint loss function to train the hybrid network in an
endto-end fashion. Firstly, we define the respective lossgsand . ¢ 5 ¢ for the de-
tection task and counting task. Similar to other detection networks, the detection loss
. x g IS the sum of box lossg 3 @nd classification lossg g as follows:

xod 0aE ore (12

Here, the box loss g 3 ¢1se the Complete Intersection over Union (CloU) LU@53
and Distribution Focal Log26] to minimize the difference between the predicted box
and the ground truth bounding box. The classification losgyse the binary cross
entropy with logits Igs, which combines a sigmoid function with the binary cross en-
tropy loss.

For quantifying the counting loss, denoted.as ¢ s Wwe employ the mean squared
error (MSE) loss function. This choice is aimed at minimizing the discrepancy between
the predcted density mapé and the density map labels® © ©@#e density map label
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generation method is detailed in Secti®rl). Mathematically, the counting losgy a ¢ 4 ¢
is defined as follows:

Ky AD 25 KA . 58 6
'Oéééb AC@SA‘ Ag@;‘SAlAéy?k/ O:TaJ; F/goo%;o (13)

Here, %represents the number of classes, willeand * denote the width and
height of the density map, respectivelys: Td) and / §© © A4 represent the pre-
dicted value and label afTdJ; in the 2axis channel

To find a common representation for both detection and counting tasks within net-
work layers, it is necessary to amalgamate the loss functions of multiple tasks through
weighted combination. However, in the initial phases of training, we observe that the
countingloss significantly outweighs the detection loss, thereby dominating the learn-
ing process. Subsequently, the counting loss rapidly diminishes, leading to a phase
where detection loss becomes the predominant loss in the latter stages of training. This
phenanenon makes the training process unstable. To circumvent this issue, we employ
a multitask loss function based on maximizing the Gaussian likelihood with homosce-
dastic uncertainty as suggested by Liebel d2&]. The joint loss. is defined as fol-
lows:

5 5 ) > 6 -k 6 -
L, 0 F G .y 02eaE LS ELig  EZrS ELdacac (19
Here, L gand Ly 3 ¢ #€present the learnable parameters designed to equilibrate the
detection and counting losses, respectively. Since the network's optimization goal is to

minimize the overall loss, both and—— terms would prefeil, gand Ly acac

6laip g CETVENTY
to be as large as possible. To prevent degeneration/ #seE Lfg'gand ZsE
Lgaéé;germs would prefell. gand Ly 5 ¢ 49 be as small as possible. When either the
detection or counting loss is relatively high, the correspandin, gr Ly a ¢ Will as-
sume a larger value, thereby minimizing the overall loss. This mechanism is crucial for
the optimization process, ensuring a balanced contribution from both detection and

counting losses towards the overall learning object

4 Results and discussion

In this section, the effectiveness of our proposed approach is evaluated. First, we pre-
sent details of our implementation. Then, we introduce the evaluation metrics and the
benchmark datasets. After that, we discuss the couatidgletection results and com-
pare them to exist statd-the-art methods. Finally, we conduct an ablation study.

4.1 Implementation Details

We use SGD optimizer with a learning rate of 0.01 and a momentum of 0.9afhde

amplification factor @or density map generation was set to 1 and 100, respectively.
The loU thresholdR ; &and Ry gwas set to 0.4 and 0.6, respectively. The confidence
threshold Ry 5 ¢ sfor the Region Suppression Module was set to 0.001. The image
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resolution is uniformly resized to 1280x1280 pixels. All speed benchmeandper-
formed on an NVIDIA 2080Ti GPU.

4.2  Evaluation Metrics

To facilitate easy comparison, various wadicepted and widely used evaluation meth-
ods are employed. For object detection, we use mMAP@0.5 and mAP@0.5:0.95 to eval-
uate our model. For multilass counting, the mean absolute error (MAE) is used
evaluate our modell # ' yis denoted as MAE of th&th class in the0 test images as:

14 oL AGARES ARG o TAL F ARGSARZY 1 BOOAML+ (19

Here, 0 represent the number of test imag8sand * denote the width and height
of the density map, respectively.

| & TadJand / §8° A4 represent the predicted value and label BdJ; in the 2
axis channel

Furthermore,l / #' for all %classes and test imagesredefined as:

# L Al # o

4.3 Dataset

We utilize the Visdrondet2019 dataset as our evaluation dataset. Visebmt2019
dataset contains 10,209 static images (6,471 for training, 548 for validation and 3,190
for testing) captured by drone platforms in various locataingifferent heights, fea-
turing ten classes (i.e., pedestrian, person, car, van, bus, truck, motor, bicycle; awning
tricycle, and tricycle). In line with other wofR0], the pedestrian category has been
merged into the person category, and the awtricgcle category into the tricycle cat-

egory.

4.4  Counting Results

We conducted comparative experiments between our proposed model argingfleer
classcounting models and mudtilass counting models. To facilitate equitable compar-
isons, we adapted the output channels of prominent sitegge modeld namely,
MCNN [18], SANet[28], CSRNet[19], BL [29], and CAN[30] 2 to accommodate
multi-class object couimtg tasks. This adjustment aligns with the methodology em-
ployed in DSACA[20]. Additionally, we also illustrate the quality of the predicted
density naps inFig. 6.

Table 1 shows acomparison of counting accuracy between our model and other
mainstream models. The proposed model achieves the best accuracy. Specially, the
proposed model reduces 1.10lin#"' ,1.36 In/# '5y0ickg9 IN/# ' 55H.51in
I#'60660.05in /# ' cae08.2LIN/# " 3506:8R%6.6 In/# " 35.ag0mpared with
DSACA[20].
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Density Map Label (Car) Pred Density Map (Car)

Detection Labels Pred Detections

Density Map Label (Person) Pred Density Map (Person)

Detection Labels Pred Detections

Fig. 6. Visualizing results. For clarity of representation, in the detection visualization results,
we have only plotted the labels of large détecboxes. In the density map visualization re-
sults, we have only plotted one primary category outllafategories. The predicted count has
been rounded.

Table 1. Counting results. The bold and underline fonts respectively represent the first and sec-
ondplace.

Mean| Person Bicycle| Car | Van | Truck| Tricycle| Bus | Motor
MAE | MAE | MAE | MAE | MAE | MAE | MAE | MAE | MAE

MCNN | 66.20 | 5.66 | 12.27| 2.35 |17.89| 2.82| 1.34| 293 | 043 | 5.26
SANet | 18.15| 7.54 | 25.48| 2.38 |15.27| 3.61| 1.37| 290 | 0.42| 8.92
CSRNet| 20.42| 459 | 9.10 | 249 | 850|596 1.83| 2.82 | 0.79| 5.27
BL 21.76| 5.46 | 11.88| 2.84 |11.49| 6.22| 2.83 | 2.88 | 0.78 | 4.74
CAN | 1951| 6.86| 9.14 | 6.67 | 8.77| 8.88| 875 | 599 | 2.23| 4.48
DSACA| 11.68| 3.43| 5.04 | 235 | 398| 254 | 1.32| 288 | 0.42| 8.90
Ours |106.38| 2.33| 6.73 | 099 | 349|203 | 1.27| 067 | 1.17| 2.30

Method| FPS
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4.5 Detection Results

Table2 providesa comparison of our model against other mainstream detection models
in terms of detection performanaad we also illustrate the quality of predict detections
in Fig. 6.

The results demonstrate that our model exhibits strong competitiveness in detection
metrics. Specifically, our model achieves 0.580 in mAP@0.5 and 0.387 in
MAP@0.5:0.95 with 106.38 FPSofpared to YOLOv8s, our model shows an im-
provement of 2.2% in mAP@0.5 and 1.5% in mAP@0.5:0.95. Compared to the
YOLOv8m model, the accuracy of the model we proposed is comparable, but it boasts
an FPS improvement of nearly 200%.

Table 2. Detectionresults. The bold and underline fonts respectively represent the first and sec-
ond place.

Mean Person Bicycle Car Van Truck Tricycle Bus Motor
Method | FPS |[mAP| mAP [mAP| mAP |mAP| mAP [mAP| mAP |mAP| mAP [mAP| mAP |mAP| mAP |mAP| mAP [mAP| mAP
0.5]0.5:0.99 0.5 [0.5:0.99 0.5 ]0.5:0.99 0.5 ]0.5:0.99 0.5 |0.5:0.99 0.5 ]0.5:0.99 0.5]0.5:0.99 0.5 ]0.5:0.99 0.5 |0.5:0.9¢

YOLOV5s[135.190.524 0.333 [0.510 0.229 [0.257 0.131 0.819 0.565 [0.46 0.352 [0.53¢ 0.371[0.449 0.272 [0.685 0.528 [0.45( 0.218
YOLOVBs|114.940.55¢ 0.372 [0.557 0.269 [0.30( 0.165 [0.834 0.592 [0.519 0.391 |0.56d 0.416 [0.504 0.327 [0.68¢ 0.554 [0.504 0.261
YOLOv8m| 53.47(0.584 0.389 [0.584 0.285 0.314 0.179 |0.834 0.598 [0.514 0.392 [0.61¢ 0.455 [0.533 0.344 [0.716 0.579 [0.53¢ 0.279

Ours [106.340.58( 0.387 [0.577 0.282 [0.324 0.185 [0.844 0.602 [0.539 0.411 |0.590 0.432 [0.529 0.339 [0.714 0.569 [0.524 0.277

4.6  Ablation Study

In this section, we present an ablation study to evaluate various components of our
model. Initially, we investigate the influence of the Adaptiveight Joint Loss on both
detection and counting accuracy. Furthermore, we examine the effects of sewaral cou
ing improvements, including the Density Map Generation Method for Multi Task
Model and Region Suppression Module. Lastly, we assess the impadetdcion
improvement (DensitAware NMS) on the detection accuracy.

Adaptive-Weight Joint Loss The concpt of AdaptiveWeight Joint Loss is instru-
mental in the training phase, serving to dynamically adjust the weights allocated to
various loss components. As evidenced bydtta presented ihable3, theimplemen-

tation of AdaptiveWeight Joint Loss has conferred notable benefits on our model. Spe-
cifically, it has been a diminution in mMMAE by 0.19. Additionally, it has facilitated an
improvement in the metric of MAP@0.5 by 5.1% and mAP@0.5:0.95 by 4.8¢teifu
underscoring the efficacy of the AdaptiVéeight Joint Loss approach in enhancing
model accuracy.

Table 3. Ablation study about Adaptiv@/eight Joint Loss. The bold font represents the first
place.

Mean Person Bicycle Car Var Truck Tricycle Bu: Motor

AdaptiveWeight Joint Lo mAP[ mAP mAP| mAP mAP| mAP mAP[ mAP mAP| mAP mAP[ mAP mAP| mAP mAP| mAP mAP| mAP
MAE MAE IMAE MAE MAE IMAE MAE IMAE| IMAE
0.5 0.5:0.9 0.5 10.5:0.94 0.5 0.5:0.9! 0.5 0.5:0.9 0.5 ]0.5:0.9! 0.5 0.5:0.9 0.5 0.5:0.9 0.5 0.5:0.9! 0.5]0.5:0.9¢

3.85[0.529 0.336 [ 6.94/0.52¢ 0.242(1.94/0.284 0.1505.90/0.804 0.560|3.13/0.47] 0.346|2.15/0.511 0.359 [2.40/0.459 0.284(5.34/0.67] 0.5192.99/0.464 0.230

3.66/0.57¢ 0.385(6.59/0.569 0.275 [1.48/0.32] 0.1834.00/0.844 0.601|5.73/0.534 0.411|2.01/0.584 0.430 |2.24/0.519 0.337(4.40/0.713 0.567 | 2.86/0.523 0.273
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Counting Improvements. In the object counting task, we introduce two main innova-
tions: the Density Map Generation Method for the Milisk Model and the Region
Suppression Module. The Density Map Generation Method for the -Wastk Model

can adjust the kernel size and variance in the Gaussian function, tailored to the size
information of the objects. The Region Suppression Module is to suppress the noise of
predcted density maps. As indited inTable4, benefiting fom the Density Map Gen-
eration Method for the MulTask Model and the Region Suppression Module, our
model has achieved a reduction in mMMAE by 1.33.

Table 4. Ablation study about counting. Ti®ld and underline fonts respectively represent the
first and second place.

Density Map
Generation Region ) .
) Mean| Person| Bicycle| Car | Van | Truck | Tricycle| Bus | Motor
Method for Suppression
. MAE | MAE | MAE | MAE | MAE | MAE | MAE | MAE | MAE
Multi-Task Module
Model

3.66 | 659 | 148 | 4.00| 573 | 201 | 224 | 440 | 2.86
277 | 7.17 156 | 546 | 1.98| 092 | 151 | 0.44| 3.09
2.33 | 6.73 0.99 |349]203] 127 | 0.67 | 1.17] 2.30

Table 5. Ablation study about detection. The bold forgpresenthe first place.

Mean Person Bicycle Car Van Truck Tricycle Bus Motor
Density Aware NMImAP| mAP [mAP| mAP |mAP| mAP |mAP| mAP |mAP| mAP [mAP| mAP [mAP| mAP |mAP| mAP |mAP| mAP
0.5]0.5:0.94 0.5]0.5:0.99 0.5 ]0.5:0.99 0.5 [0.5:0.99 0.5 [0.5:0.99 0.5 [0.5:0.99 0.5 [0.5:0.99 0.5 [0.5:0.9 0.5 |0.5:0.9¢

0.57¢ 0.385 [0.564 0.275 (0.32] 0.183|0.844 0.601 |0.53§ 0.411 (0.58§ 0.430 [0.519 0.337 |0.714 0.567 |0.523 0.273
0.58( 0.387 (0.577 0.282 (0.324 0.185 |0.845 0.602 |0.539 0.411 (0.59( 0.432 (0.523 0.339|0.714 0.569 |0.52§ 0.277

Detection Improvement We propose the Densitfware NMS algorithm to dynami-

cally adjust the loU threshold based on the local density of objects. This adaptive ap-
proach ensures robust detection performance in both dense and sparse scenes. As indi-
catal in Table5, benditing from the DensityAware NMS, our model shows an im-
provement of 0.4% in mAP@0.5 and 0.2%MAP@0.5:0.95

5 Conclusion

In this paper, we introduce a hybrid network, which is capable of simultaneously han-
dling the dual tasks of object detection and counting, wetlathility to be trained end
to-end. Additionally, we propose a Densiiyvare NMS algorithm that adaptively ad-

justs the loU threshold based on the object density. Furthermore, we propose a Region
Suppression Module capable of utilizing detections to dghimioise in density maps.

Our model demonstrates exceptional performance on the challenging Visdrone
Det2019 datasets in both tasks. In our future research, we aim to explore more innova-
tive methods to further integrate detection and counting tasks.
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Abstract. This paper presents a novel method for detecting defects irghagh

ity printed circuit board¢éPCBs) used in electronic products. The effective oper-
ation of electronic devices heavily relies on the utilization of tgjghlity PCBs,
making defect detection crucial to minimize wastage and financial losses. How-
ever, existing methods struggle to strikbalance between accuracy and speed,
limiting their practicality in realvorld scenarios. To address this challenge, we
propose augmenting publicly available PCB image datasets with a broader range
of defect types, enabling better simulation of #@atld scenarios. This augmen-
tation enhances the model's ability to learn features associated with PCB defects.
Additionally, we introduce the Adaptive Activate Conv module to further im-
prove the model's capacity for accurate defect detection. Experimenttd ussu

ing an expanded PCB dataset showcase outstanding performance with a notewor-
thy 2.1% increase in detection accuracy. Importantly, the proposed method main-
tains realtime applicability, underscoring its practical significance in industrial
settings. Byoffering an efficient and accurate solution, our approach contributes
to minimizing waste and ensuring product reliability in PCB manufacturing.

Keywords: Printed Circuit Boards (PCBdefect DetectionAdaptive Acti-
vate Cony PCBSAdd Deep Learning

1 Introduction

With the rapid development and widespread use of modern electronic devices, Printed
Circuit Boards (PCBs) have become crucial components. PCBs are responsible for im-
plementing circuit functions and facilitating efficient signal transmission by connecting
electronic components. However, the PCB manufacturing process is prone to various
defects that can hinder the proper functioning of the circuit board or even lead to equip-
ment failure, causing irreversible losses in industrial production. Therefore, the
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detection of defects in printed circuit boards is of utmost importance to ensure optimal
performance and reliability.

In the initial stages of PCB surface defect detection, two primary approaches were
utilized: manual visual inspection amechanical inspecti¢h5].Manual visual inspec-
tion relies on human operators to visually examine PCB panels for defects; however, it
is constrained by subjectivectars and frequently yields low detection accuracy. On
the other hand, mechanical inspection encompasses cbated methods, yet it
proves to be timeonsuming, labeintensive, and inefficient.

During the third industrial revolution, the integrationetéctronics and information
technology led to significant automation in the industrial sector. This integration gave
rise to automatic optical inspection (AQL)Jtechnology for PCB inspecti¢?]. AOI
utilizes machine vision and optical equipment to capture image information, replacing
manual visual inspection amthproving speed and accuracy. However, the high costs
associated with AOI technology pose challenges for its adoption in small and medium
-sized manufacturing industries, limiting its use to lasgale and highly automated se
ctors.

Deep learning and compartvision technigues have significantly advanced PCB de
fect detection. Convolutional neural networks (CNNs) are widely used in thiglfield
6], with two main categdes of detection algorithms: singi#age and twstage. Twe
stage algorithms, such as@NN[13], Fast RCNN[14], and Faster ENN[12], gener
ate candidate regions of interest and perform classification for accurate detection. In ¢
ontrast, singlestage algorithms like $§4] and YOL{3] directly predict category pr
obabilities and position coordinates, prioritizing detection speed.Whilestagealgo
rithms achieve higher accuracy, they are slower compared to-stiagje algorithms.
Balancing speed and accuracy remains a challenge in deep learning object detection.O
verall, the application of CNNs and deep learning techniques has propelled RECB def
t detection. Researchers continue to refine algorithms to improve both accuracy and sp
eed, meeting the requirements of industrial applicatibhe.contributions of this artic
le are summarized as follows:

1. A novel approach called "Adaptivictivation Conv" is proposed, which enables the
network to dynamically learn when to activate neurons, thereby enhancing its learn-
ing capability.

2. This study introduces PCBSAdd, a novel addition function that incorporates a learn-
ing parameter. PCBSAdd enablthe conversion of nenainable tensors into train-
able parameters and seamlessly integrates them into the optimization process of the
host model. By combining PCBSAdd with the Bifpn structure, the network's ability
to classify PCB defect features ismiicantly improved.

3. To cater to the requirements of defect detection inlifeakcenarios, the current
publicly available printed circuit board dataset has been expanded in terms of both
guantity and diversity of defect types. This augmentation enhdneeakataset's ca-
pability to address a wider range of defect detection challenges encountered in prac-
tical applications.
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2 Related Work

Deep learning neural networks have shown promise in PCB defect detection. Researc
hers have proposed enhanced algorithneh s1s an improved Faster@NN with a m
ulti-scale feature pyramid network][ a lightweight deep neural network designed for
efficient component detectio][ and a denoising convolutional autoencod@r Th
ese advancements highlighe potential of deep learning in improving accuracy in P
CB defect detection. Additionally, the YOLO series, known for its fast and accurate p
erformance in object detection, has been extended for PCB defect detection with mode
Is like GSC YOLOV5, which ioorporates attention mechanisms for precise defect det
ection B]. Ongoing research is focused on further enhancing defect detection systems
usingsophisticated neural network architectures.

Niu et al. P] and Tang et al.1J0] proposed improved YOLOwvbased algorithms fo
r PCB defect detection, refining anchor box matching, introducing novel loss function
s, and incorporating attention mechanisms. However, current methods have limitation
s in capturing a comprehensive ganof defects. To address this, we propose ABPA
CB(Figurel), a novel small object detection algorithm that integrates Adaptive Activa
te Conv, a new Add function, and utilizes new PCB datasets. ABEB aims to enh
ance the accuracyf ®CB defect detection by overcoming existing limitations.
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Fig. 1. ADPA-PCB The proposed architecture comprises three main congpus: a feature m
ap extraction layer serving as the backbone, a feature fusioraletyreg as the neck, and a dete
ction layer functioning as the head.

3 Proposed Method

The subsequent sections of this chapter are organized as follows: Section 3.1 offers an
overview of the implementation principles behind AdaptiveThe remaining sections of
this chapter are structured as follows: Section 3.1 provides an overview of the imple-
mentation principles of Adaptive Activate Conv. Section 3.2 describes the working
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principles of PCBSAdd. Lastly, Section 3.3 presents our supplementary contributions
to exiding datasets on defect types.
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Fig. 2. Comparison of YOLOv5 and ADRRCRB During the feature extraction process, the CBS
(Convolutional Block Attention Module) module was substituted with the Adaptive Activate
Conv modulewhile introducing a novel feature weighting approach.
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Fig. 3. The PCBSAdd and comparison of CBS and Adaptive activate totive given context,

the symbol "s" corresponds to the SiLU activation function.ridiation "Mean( gz )" indicates

the operation of averaging feature maps across the channels h and w. The syaidrmbtes the
sigmoid activation function. The variables "p1" and "p2" refer to two learnable parameters. The
symbol "8" represents elememtise multiplication, while 'p " signifies elementvise addition.
Lastly, the parameter is utilized to regulate the activation of neurons.

3.1 Adaptive Activate Conv

In this study, we propose a novel approach that enhances the CBS module by introduc-
ing additonal operations and learnable parameters. Our approach incorporates feature
map addition and multiplication, allowing for the extraction of more valuable infor-
mation. We introduce learnable parameters initialized with random tensors, which are
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continuousy adjusted and learned during training. Inspired by the AQ@Nactiva-

tion function, we integrate its concept into our research and present a new convolution
module called the Adaptive Activation Convolution module. This module combines
convolution, bath normalization, and carefully designed activation functions to com-
prehensively enhance the performance of convolutional neural networks. The architec-
tural design of the proposed module is illustrateBigure 4

6
= = 1 = =[Convix1 }-+| BatchNorm2d |-"'="="2 »{(Comv 11 |- —» B

Adaptive activate conv

Fig. 4. Adaptive activate conv

m BatchNorm2d

PCBSAdd3

We(o] -

werr] - ‘wem’

PCBSAdd3

Fig. 5. PCBSAdd where "wt]i]" refers to the-th element of the computed weight vector, while
" T¢ represents a feature map. The module incorporates theggiisation function denoted by
s" and signifies the weighted operation conducted on two feature maps.

Within the Adaptive Activate Conv structure, the input feature map (referred to as
"input") undergoes a convolution operation to extract relevant featioiowing this,
the convolved feature map undergoes batch normalization, ensuring that the feature
values conform to a normal distribution. This process can be formulated as follows:

(0e L $0K%:EJL QP (1)

C1 and C2 denote the convolution operations, while BN represents batch normali-
zation operations. The parameteregulates the activation of neuro{@ssignifies
the average of the feature map across the dimensions h and w. Additionally, p1 and p2
are two learnable parameters. The visual representation of this module can be seen in
Fig. 4 Consequently, we can summarize the refoatad formulation of the Adaptive
Activate Conv module as follows:
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3.2 PCBSAdd

We propose a novel fusion method called PCBSAdd as an improvement over existing
techniques. The PCBSAdd method introduces learnable parameters called tensors,
which actively participate in the backpropagation process and are trained through gra-
dient updats. It combines convolution, batch normalization, and activation function
operations to extract feature information, normalize feature distributions, and enhance
nortlinear transformation capability. Inspired by the WeightedliBéctional Feature
Pyramid Network, it achieves efficient multicale feature fusion, improving the net-
work's ability to detect and recognize PCB defects. The proposed module structure is
depicted inFigure 3.

We approach utilizes two weighting schemes for femmap fusion. We introduce
a learnable parameter "w" to represent the weights used in the fusion process. During f
orward propagation, "w" undergoes normalization to ensure its suitability for weightin
g. The feature maps are then weighted based on thalioeth"w," enhancing the inf
ormative content without increasing the dimensionality of the descriptors. Overall, our
method involves the introduction of "w," its normalization, and the subsequent weigh
ting of feature maps for effective fusion.

S L :Sx %5>57%5% %4 S>EF s?, (3

Where, "w[i]" denotes theth element of the vector "w," while "wt[i]" represents t
he ith element of the calculated weight vector. The term "sum" refers to the summatio
n of elements, and "a" represents a-aero smalpositive value. The detailed implem
entation of PCBSAdd can be observedrigure 5 The two weighting methods are as
follows:

9 X ?L SPr%T>?E S PsX%T>s?

9 >u?L S Pr T ?E S Ps%TS?E S Pt Tt ? ()

3.3 Expansion of public dataset defect type

The PCB Basic Defect Data Set, provided by Peking University, focuses on PCB de-
fects and includes six defect types: missing_hole, mouse_bite, open_circuit, short, spur,
and spurious_copper. However, existing circuit board defassifications have limi-
tations in precise detection and identification. To address this, the study collected real
world PCB defect types and enhanced the dataset using PS and Python technologies.
Data annotation was performed with the Labelimg tool. Nikefect types, such as
clean_not, big_hole, scratch, and red_{f&lgure 3, were introduced to improve the
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dataset's comprehensiveness. These additions enable more accurate detection and iden-
tification of PCB defects in reaborld praduction scenarios.

(a)Red_hole (b)Big_hole (c)Scrach (d)Clean_not

Fig. 6. New PCB defect types.

4 Experiments and Analysis

4.1 Dataset and Environment

This article the PCB defects in the dataset are classified into 10 distinct categories,
which include missing_hole, mouseteyiopen_circuit, short, spur, spurious_copper,
clean_not, big_hole, scratch, and red_hole. The detailed statistics regarding the datasets
and the corresponding defect types are presenteigumne. 8.

PCBDatasets Big-PCBDatasets
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Fig. 7. Datasets and Defect Typ&se figures present blue bars representing the relative propor-
tions of PCB images associated with each specific defect type, while the orange bars indicate the
distribution of defect labels as® the various defect types.

To address variations in resolution and limited original image datasets, this study
introduces four new defect types and employs rotation, noise, and scaling as image
processing techniques for dataset augmentation. The det@sgtanded from 693 to
2,444 images and divided into training, validation, and testing sets in a 9:1:1 ratio. The
learning rate is initialized to 0.01 and reduced using cosine annealing. A batch size of
16 is used, and the training process consists @&Ep@chs. The experiments were con-
ducted on a Linux system with an Intel quaate i#7700HQ CPU, 16GB of memory,
and an NVIDIA GeForce GTX2080Ti graphics card with 11GB of memory.
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4.2 Evaluation Method

The model's performance is evaluated through finatrics: Precision (P), Recall (R),
Mean Average Precision (mAP), Detection Speed (FPS), and mAP. Precision (P) and
Recall (R) are determined by considering the counts of False Positives (FP), True Pos-
itives (TP), False Negatives (FN), and True Negati¥é§ @ccording to the following
formulas:

iA A
ZLE 4L|.A>|,é (5)
Following that, precisiomecall (RR) curves were generated utilizing the obtained
recall and precision values. The area under the curve was subsequently computed to
quantify the average precision.

~L;J 0Fa
#2110, 22N@NI#2 L2850 (6)

4.3 Experimental Results

This study validated the model usihgo datasets: the augmented PCB dataset
BigPCB-Datasets,. The augmented PCB dataset consists of real circuit boards, while
BigPCB-Datasets contains cropped images from complete circuit boards (10,668 im-
ages). While BigPCHatasetaremore suited for academic research, the augmented
PCB dataseproposed in this study better meets the defect detection requirements in
real production scenarios.

In our experiments, we used the augmented PCB dataset and the HigR@¥Rts
dataset to train the YOLOv5 and ADA2CB models. The performance results aa th
augmented PCB test set are presented in Table 2. ABER showed significant im-
provements over the original YOLOv5 model, achieving an average enhancement of
1.7% in precision (P), 2.8% in recall (R), and 2.6% in mean average precision (mAP).
On the BiglZB-Datasets test set, as shown in Table 3, ABF¥B demonstrated a
0.4% improvement in precision (P), comparable recall rate (R) to YOLOvV5, and an
average increase of 0.3% in average precision (mMAP). This highlights the superiority
of ADPA-PCB in terms oprecision (P) and average precision (mAP) over YOLOV5.
Visualized detection results in Figure 10 demonstrate that ABEB outperforms
YOLOVS5 in identifying various defects, showing higher detection efficiency.

Table 1. The results of the ablation experiment, which involve the integration of two modules,
namely Adaptive Activate Conv (AD) and PCBSAdd, into the YOLOvV5 model, are presented.

Model AD(head and backbone) PCBSAdd mAP@.5%  Parameters GFLOPS
Baseline 92.0 28.46 17.4
AD-PCB q 90.1€1.9) 31.01(+2.55) 17.4
PA-PCB q 93(+1.0) 28.30(0.16) 17.5(+0.1)
ADPA-PCB q 90.3(1.7) 30.01(+1.55) 17.4
Model AD(backbone) PCBSAdd mAP@0.5% Parameters(M) GFLOPS

Baseline 92.0 28.46 17.4
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AD-YOLO q 91.7¢0.3) 28.61(+0.15) 17.4
PA-YOLO q 93(+1.0) 28.30¢0.16) 17.5(+0.1)
ADPA-PCB ¢ q 90.7¢1.3) 28.50(+0.04) 17.5(+0.1)
Model AD(head) PCBSAdd mAP@.5%  Parameters GFLOPS
Baseline 92.0 28.46 17.4
AD-PCB q 93.2(+1.2) 28.55(+0.09) 17.4
PA-PCB q 93(+1.0) 28.30¢0.16) 17.5(+0.1)
ADPA-PCB q q 94.1(+2.1) 28.43¢0.03) 17.5(+0.1)

Table 2. The performance evaluation of YOLOV5 and ADP&B is conducted using the PCB-
Datasets. The abbreviations MH, MB, OC, SH, SP,&C,BH, SCR, and RH correspond to the
following defect types: missing_hole, mouse_bite, open_circuit, short, spur, spurious_ copper,
clean_not, big_hole, scratch, and red_hole, respectively.

Model  yolovb  yolov5 yolov  ADPA-PCB ADPA -PCB ADPA -PCB

P R mAP P R mAP
MH 0.878 0.985 0.967 0.89 0.986 0.98
MB 0.959 0.987 0.98 0.945 0.985 0.984
ocC 0.772 0.97 0.872 0.764 0.972 0.879
SH 0.768 0.808 0.811 0.822 0.902 0.879
SP 0.775 0.885 0.864 0.779 0.943 0.899
SC 0.807 0.935 0.927 0.805 0.939 0.942
CN 0.923 0.964 0.992 0.945 1 0.992
BH 0.886 0.895 0.887 0.924 0.936 0.943
SCR 0.875 0.879 0.898 0.936 0.939 0.955
RH 1 0.983 0.996 1 0.966 0.996

Table 3. Performance of YOLOvV5 and ADRRCB onBig_PCBDatasets.The abbreviations
MH, MB, OC, SH, SP,and SC correspond to the following defect types: missing_hole,
mouse_bite, open_circuit, short, spur, spurious_ copper respectively.

Model class MH MB OoC SH SP SC

Yolovs P 0.977 0.974 0.973 0.986 0.977  0.982
Yolovs R 0.997 0.997  0.996 0.982 0.994  0.995
Yolovs mAP@0.5 0.99 0.991 0.99 0.984 0.99 0.992
ADPA -PCB P 0.982 0.978 0.976 0.986 0.979  0.991
ADPA -PCB R 0.997 0.996 0.996 0.982 0.99 0.999

ADPA -PCB mAP@0.5 0.992 0.989  0.998 0.99 0.993  0.993
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Fig. 8. Detection results on PCB dataskdt:YOLOV5. Right: ADPA-PCB.

This study analyzed the effectiveness of two modules, Adapttigate Conv and
PCBSAdd, in the network and conducted ablation experiments to evaluate their impact.
The results, shown in Table indicate the performance and parameter changes caused
by these modules. Three sets of ablation experiments were perfappdng the
Adaptive Activate Conv to different components of the model. Experiment 1 applied it
to both the Backbone and Neck, Experiment 2 to the Backbone only, and Experiment
3 to the Neck only. Applying the Adaptive Activate Conv in the Backbonedeal
small decrease of 0.3% in Map@0.5(%) performance and an increase of 0.15M param-
eters. To mitigate this, the PCBSAdd module was introduced in the Neck to reduce
parameter count. The combined effect of these modules resulted in a net increase of
0.04M mrameters and a corresponding decrease of 1.3% in Map@0.5(%) performance.
These findings provide valuable insights into the impact of the Adaptive Activate Conv
and PCBSAdd modules on performance and parameter count.

We study findings indicate that applying the Adaptive Activate Conv in the Back-
bone component did not yield significant improvements. Consequently, we decided to
implement it in the Neck instead. This adjustment resulted in a modest increase of
0.09M paramedrs. However, it led to a notable improvement of 1.2% in Map@0.5(%)
performance. Additionally, incorporating the PCBSAdd module in the Neck reduced
the model's parameter count and contributed to an additional 1% increase in
Map@0.5(%) performance. By sintaheously incorporating the Adaptive Activate
Conv and PCBSAdd modules in the Neck, we achieved a reduction of 0.03M parame-
ters while significantly enhancing the Map@0.5(%) metric by 2.1%. These findings
demonstrate the qualitative impact of these moduorelsoth performance and parame-
ter count.

To ascertain the superiority of the proposed ABP@B, we conducted a thorough
comparison with several stapé-the-art detection algorithms, including the classical t
wo-stage detection algorithm FasteiGRIN, as wé as the singlestage detection algo
rithms RetinaNet, CenterNet, YOLOv5, YOLOv7, and -YOv8. Table5 presents a
comprehensive analysis of these algorithms, considering metrics such as mAP@0.5, m
AP@0.5:0.95, FPS, and Model Size (MB)der identical settings. While the single
age algorithm Faster-RNN exhibits superior detection accuracy compared to the two
-stage detection algorithms, its model size is relatively large, rendering it less suitable
for practical detection scenarios.

The utilization of twestage detection algorithms has proven effective in meeting th
e realworld demands for PCB defect detection, demonstrating a balance between spee
d and accuracy. Our proposed ADIPLB model surpasses the performance of the sin
gle-stagealgorithms, namely RetinaNet, CenterNet,YOLOvV5, YOLOv7, and YOLOv
8, with notable improvements of 5.2%,3.5%,2.1%, 3.5%, and 2%, respectively, in ter
ms of mMAP@0.5. Furthermore, ADPRCB exhibits substantial enhancements in term
s of FPS, achieving improvemsrof 0.46, 23.33, and 15.76, respectively, when comp
ared to the YOLOvV5, YOLOv7, and YOLOVS8 algorithms.
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Table 4. Comparative experimental results of PCB defect datasets in mAP(%), F1,FPS(Frames
Per Second),P,R and model size.

Algorithm mMAP@0.5% mMAP@0.5:0.95% FPS Model Size (MB)
Faster R-CNN 95.32 64.5 215 629.27
RetinaNet 88.8 52.9 19.6 145

CenterNet 90.6 51.4 7.1 77.2

Yolovss 92 49.2 67.11 145

Yolov7 90.6 45.4 44.24 71.43

Yolov8 92.1 50.6 51.81 21.50

ADPA -PCB 94.1 48.7 67.57 14.51

From the results of the comparative experiments, it is evident that thetdage obj
ect detection algorithm FastBRCNN, while achieving higher detection accuracy com
pared to both singlstage methods and the propogdaPA-PCB in this paper, is hind
ered by its significantly larger model size and parameter count. This limits its deploym
ent on devices in realorld production scenarios. In contrast, singlage object dete
ction algorithms such as RetinaNetd CenterNeglthough lagging behind in terms o
f detection accuracy and frames per second (FPS), offer a more practical option. Addit
ionally, the YOLOV5, YOLOvV7, and YOLOvV8 models employ a simple and flexible d
esign philosophy, making them easy to comprehend and yn@timparing the propo
sed ADPAPCB algorithm with YOLOv(5,7,8), our approach exhibits superior detecti
on accuracy and model compactness, enabling better deployment-arorebprodu
ction devices.

Based on the aforementioned comparisons, it can be dethate8DPAPCB sho
wcases superior performance in the realm of PCB defect detection.

5 Conclusion and Future Work

This article improves YOLOvV5 for PCB defect detection. It introduces Adaptive Acti-
vate Conv, enhancing neuron activation for learning PCB defeatacteristics.
PCBSAdd enhances the addition method, expanding image information without in-
creasing channels. It reduces computational complexity and achieves 94.1% mAP. The
method maintains a small model size and is deployable on production equipment.

PCB defect detection is crucial in electronic manufacturing for quality control and
fault identification. It also supports automation, robotics, 10T, and smart devices. Ac-
curate detection improves efficiency, quality, and reliability. However, challenges ex-
ist, such as complex defects, false positives/negatives, limited generalization, compu-
tational demands, cost, implementation, and evolving defect forms. Research and col-
laborations are essential to overcome these limitations.

Future research in PCB defeldtection includes exploring advanced machine learn-
ing techniques, mukinodal data fusion, optimizing deep learning models -tiesd
detection and automation, dataset establishment, and environmental adaptability. These
efforts aim to improve accuracyffieiency, and robustness. Research will focus on
advanced algorithms and models integrating multiple data sources foimrealetec-
tion and automation. Establishing larger datasets with accurate annotations and industry
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collaborations will facilitate @orithmic research and practical applications. These re-
search directions will drive breakthroughs in PCB defect detection technology.

Acknowledgments.This work is partially supported by Major Project of Scientific and Techno-
logical Innovation in Hubei (@nt No. 2023EGA023, 2022BBA026, 2021BGDOE2
2020BGC028) and Hubei Chutian Talent Program of Robot positioning and navigation.

References

1. Anitha, D. B., and Mahesh Rao. "A survey on defect detection in bare PCB and assembled
PCB using imag@rocessing techniques." 2017 International conference on wireless com-
munications, signal processing and networking (WiSPNET). IEEE, 2017.

2. Ling, Qin, and Nor Ashidi Mat Isa. "Printed circuit board defect detection methods based
on image processing, machilearning and deep learning: A survey." IEEE Access (2023).

3. Li, Jing, et al. "Application research of improved YOLO V3 algorithm in PCB electronic
component detection." Applied Sciences 9.18 (2019): 3750.

4. Kang, Litian, et al. "Research on PCB defect detechiased on SSD." 2022 |IEEE 4th In-
ternational Conference on Civil Aviation Safety and Information Technology (ICCASIT).
IEEE, 2022.

5. Niu, Junhao, et al. "A PCB Defect Detection Algorithm with Improved Fast€NR."
Proceedings of the International Confareron Big Data & Atrtificial Intelligence & Soft-
ware Engineering, Guangzhou, China. 2022.

6. Li, Brian, et al. "PCBDet: An efficient deep neural network object detection architecture for
automatic PCB component detection on the edge." Electronics Lettef624: e13042.

7. Khalilian, Saeed, et al. "Pcb defect detection using denoising convolutional autoencoders.”
2020 International Conference on Machine Vision and Image Processing (MVIP). IEEE,
2020.

8. Wu, Ligang, Liang Zhang, and Qian Zhou. "Printed circuérdoquality detection method
integrating lightweight network and dual attention mechanism." IEEE Access 10 (2022):
8761787629.

9. Niu, Jie, et al. "An improved YOLOV5 network for detection of printed circuit board de-
fects." Journal of Sensors 2023 (2023).

10. Tang, Junlong, et al. "PCBOLO: An improved detection algorithm of PCB surface defects
based on YOLOV5." Sustainability 15.7 (2023): 5963.

11. Ren, Shaoqing, et al. "Fastecnn: Towards redime object detection with region proposal
networks." Advances in meal information processing systems 28 (2015).

12. Zhou, Yongbing, et al. "Review of visidmased defect detection research and its perspec-
tives for printed circuit board." Journal of Manufacturing Systems 70 (2023555.7

13. Bhanumathy, Y. R., et al. "Defedetection in PCBs using convolutional neural network."
2021 International Conference on Recent Trends on Electronics, Information, Communica-
tion & Technology (RTEICT). IEEE, 2021.

14. Zhang, YiFan, et al. "Focal and efficient IOU loss for accurate boundingégression."”
Neurocomputing 506 (2022): 14657.

15. Redmon, Joseph, et al. "You only look once: Unified,-tisa¢ object detection." Proceed-
ings of the IEEE conference on computer vision and pattern recognition. 2016.

16. Ahmed, Mohiuddin, Raihan Seraj, andeSyMohammed Shamsul Islam. "Therleans al-
gorithm: A comprehensive survey and performance evaluation." Electronics 9.8 (2020):
1295.



Robust Lane Detection via Spatial and Temporal Fusion

Siyuan Penj Wangshu Yad?3and Yifan Xué

1 School of Computer Science & Technology, Soochow University, Suzhou, China
2 School of Soft, Soochow University, Suzhou, China
3 Collaborative Innovation Center of Novel Software Technology and Industrialization
wshyao@suda.edu.cn

Abstract. Lane detectiofis a crucial and challengirnigsk in autonomous driving.

Most existing detection methods only have good results in common scenes, but
they have detected poorly in extreme scenarios such as occlusion and strong illu-
mination.To address this problem, thigger introduces a robust lane detection
network based on spatisdmporal fusion (LSTnet) for extreme scenarios like
occlusionLSTnet incorporates a detachable local and global memory component
as an external storage unfhrough the fusion, read, anddgie operations on
memory features, the component captures temporal information to compensate
for the lack of information in extreme detection scenadaklitionally, LSTnet

uses a memory alignment loss function to guide the memory component to update
thememory effectively, so as to obtain temporal consistency between the feature
maps outputted by the memory component and the ground truth feature maps.
Extensive experiments on two commonly used datasets demonstrate that the net-
work achieves an F1 score 19.49% on CULane and 97.31% on the TuSimple
dataset.

Keywords: Lane DetectionTime Series ModeMemory Network.

1 Introduction

In the past decade, autonomous driving technology has gradually become a research
hotspot in the field of computer vision, atitiag widespread attention from both aca-
demia and industry. To ensure the safe operation of autonomous vehicles, it is crucial
for autonomous driving systems to accurately understand the spatial information of lane
markings. Therefore, it is very importafar autonomous driving systems to quickly
obtain the shape and position information of the lane markings from the image captured
by the frontfacing camera.

In recent years, most research has approached lane detection as a segmentation or
detection proble. SCNN1] uses multiclass classification to segment pixels into lane
markings or background, but it may also predict pixels ureéléd lane markings.
PointLaneNgeR] predicts lane markings based on anchor points. Langg{uBes an-
chor lines to extend the featur@nge of anchors and predicts lane instances through
rays. Although these methods have achieved satisfactory detection results, their
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