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一、个人申报
（一）基本情况【围绕《浙江工程师学院（浙江大学工程师学院）工程类专业学位研究生工

程师职称评审参考指标》，结合该专业类别(领域)工程师职称评审相关标准，举例说明】

1.对本专业基础理论知识和专业技术知识掌握情况(不少于200字)

    
作为交通运输工程专业研究生，我在系统化课程学习与科研实践中，构建了扎实的理论知识

体系，并在智能交通系统、交通流建模、交通仿真与优化等领域积累了专业技术能力，具体

掌握情况如下：

1.交通工程原理

系统掌握交通流理论核心模型（Intelligent Driver Model 

智能模型、Newell跟驰模型）、通行能力计算方法，能够运用泊松分布、排队论等数学工具

解析交叉口车流特征。完成《交通工程学》《工程师创新创业思维》等课程的学习（最好成

绩96/100），构建了从微观车辆动力学到宏观路网运行分析的完整认知框架。

2.智能交通系统理论

深入研究车路协同（Vehicle to Everything,V2X）通信协议、自动驾驶感知-

决策链技术架构（多传感器标定、轨迹预测算法），在《交通运输工程科学与技术前沿》课

程中完成基于深度学习的异常驾驶行为识别任务（模型准确率提升6.8%）。

3.交通规划方法论

熟练掌握四阶段法（出行生成-分布-方式划分-

分配）、Logit模型应用，并且以杭州市居民出行即服务（Mobility as a 

Service，MaaS）为基础，构建了基于可解释机器学习模型的 MaaS 

方案选择行为分析框架。结果显示，年龄、是否持有公交月卡、出行模式、感知风险及使用

意向为影响 MaaS 方案选择的关键因素。具体而言，老年用户（55 

岁及以上）、私家车用户倾向于不订阅方案（维持现状）；年轻用户（18~34 

岁）、私家车＆出租车/网约车用户倾向于订阅周方案；持有公交月卡用户、出行模式含有

公交的用户（电动自行车＆公交用户、公交＆地铁用户、公交用户）倾向于订阅月方案。

2.工程实践的经历(不少于200字)

1.交通仿真与数据分析

精通VISSIM（二次开发COM接口）、SUMO（TraCI控制模块）仿真工具，主导完成重型货车碰

撞预警仿真项目：该方案通过非线性最小二乘法标定异质性驾驶行为参数，使跟驰轨迹中90

%以上的轨迹拟合误差控制在1.5m以内。采用自适应核密度估计耦合蒙特卡洛采样的场景生

成技术，使KL散度稳定于0.18-

0.30，场景覆盖度较GMM方法提升51.2%。基于SUMO平台构建动态交通流环境，设计四类典型

工况测试表明：A-

TTC算法在本研究所有测试场景中避撞成功率最高（>99%），但其偏保守的预警策略涉及，

在车辆低速行驶时触发频率较高，可能干扰驾驶员正常操作；Transformer模型因训练样本

不足导致慢减速场景失败率近2%，但其动态的预警时机使车辆在整个制动过程保持安全性的

同时也兼顾驾驶舒适性，有助于提高用户接受度。仿真结果验证了自适应预警算法在常规工

况中的优越性，为智能驾驶系统迭代提供了标准化测试范式，成果发表于EI会议（第一作者

）。

2.交通大数据挖掘

在深圳市车米云图企业实习期间，针对单模态数据对驾驶行为表征能力有限的问题，主导完

成了多模态注意力神经网络（MMANN）的构建。该模型集成三大特征提取模块：1）CNN-
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3.在实际工作中综合运用所学知识解决复杂工程问题的案例（不少于1000字

ViT模块采用局部Transformer层提取驾驶员面部微表情特征；2）MCViViT模块通过管道采样

构建时空序列；3）AT-BiGRU模块利用双向门控单元捕捉操纵行为时序特征。此外，通过改

进的OvT多模态注意力机制，模型在测试集上实现82.4%的准确率，较最优单模态模型提升8.

6%。消融试验表明多模态融合的优势性，其中驾驶环境特征对识别准确率提升贡献了5.82%

，驾驶员面部图片贡献了4.12%，成果发表于交通领域高质量国际会议（第一作者），并作

讲台汇报。

)

实践案例

——基于多模态数据融合的自动驾驶虚拟测试平台开发

一、项目背景与问题定义

在深圳市车迷云图科技有限公司实习期间，我主导了驾驶员异常行为预警系统的研发工作。

该模块需解决行业两大痛点：

1）传统预警系统对复杂驾驶行为适应性差：基于规则引擎的阈值判定方法在驾驶员分心（

如使用手机）、疲劳（PERCLOS≥0.4）等场景下误报率高达28%，且无法识别新型风险行为

（如车机系统过度交互）；

2）多模态数据利用率低：现有方案仅依赖方向盘转角、车速等单一信号，未有效融合面部

表情（眼睑闭合度、头部姿态）、语音交互（指令响应延迟）等跨模态特征，导致关键风险

漏检率超过15%。

二、理论知识与技术方案

1. 异常行为建模理论框架（对应课程：交通心理学、人因工程学）

风险特征库构建： 

基于NHTSA自然驾驶数据库与自采的2,300小时卡车驾驶视频，提取三级风险标签：

一级风险：持续分心（≥5秒视线偏离）

二级风险：疲劳累积（心率变异系数HRV<30ms且眨眼频率<10次/分钟）

三级风险：应激反应（方向盘转角突变率＞3°/s²并伴随急刹）

对驾驶风险进行准确识别有助于预测驾驶员在危险发生时是否能够迅速反应，并采取正确的

风险规避措施，其可以被表述为一个时间序列分类问题，即给定时长为 l 

的多模态时间序列 X^l，驾驶员的异质性驾驶行为可分类为：分心组 ( y) 

̂_j=0，正常组( y) ̂_j=1，及压力组( y) ̂_j=2。公式如下：

y ̂_j=〖arg max┬(y ̂_j  ∈{0,1,2} )〗〖p(y_j |X_j^l 〗)    ,j=1,2,…,N

X^l=[〖  x〗_1,x_2,…,x_l  ]

   

   

    

    

 

  

  

 
   

其中， N 表示样本大小，x 表示每个时间步的特征。

在自然驾驶数据集中时间序列信息由前置摄像头获取的视频〖 M〗^l

和车内摄像头获取的驾驶员面部图像 G^l、车载传感器获取的车辆运动学数据〖 K〗^l

共同组成，表示为X^l=[M^l,G^l,K^l ]。具体而言，x=[m,g,k]，其中 k=[v,a,∆s,∆v]
，包括重型货车的速度v、加速度a，以及与前车的相对距离∆s和相对速度∆v。
2.混合驱动建模：

融合数据驱动（多模态时序特征挖掘）与知识驱动（驾驶行为风险等级规则），构建动态风

险评估模型。

受Transformer模型及驾驶人注意力机制的启发，本研究以三种模态数据特征提取模型为基

础，提出一种基于多模态信息融合的异质性驾驶行为识别模型（Multimodal Attention

Neural Network, MMANN）。
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首先，MMANN将每个模态数据传递给各自的特征提取器：MCViViT模型用于视频；CNN-

ViT模型用于图像；AT-

BiGRU模型用于车辆状态数据。然后，提取的特征向量通过OvT多模态注意力层进行融合。最

后，通过多层感知机（Multilayer Perceptron，MLP）输出异质性驾驶行为的分类结果。

（1）驾驶员面部图像特征提取

Transformer模型已成为自然语言处理的首选，尤其是与自注意力机制结合使用。Transform

er处理具有时序特征的视觉数据时，由于高维特性，常常面临模型的复杂性和时间信息利用

不足问题。针对此挑战，本研究基于多尺度视觉Transformer框架构建CNN-

ViT模型，进行驾驶员面部特征提取，其结构如图2所示：W_q 、W_k  

分别为Query权重和Key权重，v_pos  为注意力位置中心编码， r_ij  

为相对位置编码，σ为sigmoid函数，ω是门控参数。

 
   

在CNN-ViT模型中，给定一幅输入图像，记作GϵR^( H*W*C) 
，首先将原始图片重塑为一系列图像块，记作G_flat ϵR^( N*P^2*C)，其中 H,W,C,P 

分别代表原始多通道图像的高度、宽度、通道数和图像块大小，N=(H*W)/P^2   

代表图像块数量。每个图像块转换为低维向量表征，通过位置编码将图像的全局位置信息引

入模型中。然后，将编码向量送入局部Transformer层，提取的局部特征向量通过标准Trans

former层，生成驾驶员状态特征表征向量〖Lat〗^G。其中，标准Transformer层包括多头自

注意力模块（Multi-head Self-

Attention，MSA）和多层感知机模块。在MSA模块中，每个自注意力头  h 执行以下操作：

〖MSA〗_h (G)=A^h GW^h

其中，W^h  是权重矩阵，A^h是注意力矩阵。  

此外，在局部Transformer层使用位置自注意力层（Positional Self-

Attention，PSA）替代自注意力层，以实现局部感知，即A^h  

被替换为A_IJ^h，该注意力矩阵表示为

A_ij^h=softmax(〖Q_i^h K_j^h〗^T+〖V_pos^h〗^T r_ij)

每个注意力头h 使用一个可学习的注意力中心位置编码V_pos^h∈R^( D_pos 

)，并且相对位置编码 r_ij∈R^( D_pos )  

表示图像块i与j之间的相对位置，其大小仅取决于像素 i 与 j 之间的距离。当PSA层包含h 

个注意力头且相对位置编码维度 D_pos≥3时，PSA可被视为卷积核大小为 √h×√h 

的卷积层，优化后的该网络层更关注图像的局部特征。

（2）驾驶环境视频特征提取

视频数据信息丰富，可以提取交通标识、车道线、交通参与者、天气和环境等信息。由于视

频数据会产生大量时空图像块序列，必须考虑长时间范围内图像序列间的关联性和模型的效

率问题。基于视觉Transformer架构，本研究使用一种改进的多通道视频神经网络MCViViT模

型提取驾驶环境特征。给定一个视频输入，记作M∈R^( 

T*H*W*C)，采用管道采样的方法对图像块编码，即利用管道t∈R^( t*h*w) 

进行采样，可获得n_t*n_h*n_w  个图像块序列 m ̃∈R^(  

n_t*n_h*n_w*C)，其中n_t=T/t，n_w=W/w，n_t=T/t。然后，将位置编码和类别编码添加到

每个序列( m) ̃  中。

 
   

视觉Transformer采用全局机制将不同位置联系起来，可以同时对空间和时间信息进行建模

。而与视觉Transformer均匀采样方法相比，改进的MCViViT模型构建的序列可以高效融合时

空信息。MCViViT的空间编码器和时间编码器结构如图3所示。首先，空间编码器对同一时间
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索引的图像序列间的交互信息进行提取，获得每一时间索引的表征h_i∈R^d。然后，将全部

空间表征向量拼接并送入时间编码器以聚合来自不同时间索引的表示，对应于时空信息的后

期融合。时间编码器的输出即为驾驶环境特征提取的表征向量〖Lat〗^M。MCViViT模型中浅

层的局部Transformer层以高空间分辨率模拟低层视觉信息，并在空间粗糙的深层表示复杂

的高层特征。

（3）驾驶操纵行为特征提取

车辆动力学数据（如速度、加速度、横摆角等）适合构建为多变量时间序列，包含各种驾驶

行为特征。循环神经网络在语音识别和语言翻译方面取得了巨大成功。为增强时间序列数据

的学习能力，两种常用有效变体分别为：长短期记忆网络和门控循环单元网络。考虑到驾驶

操纵行为数据的特征，本研究采用双向门控循环单元来捕捉时间序列的双向依赖性，并使用

注意力机制来突出重要时间步。该模型内部信息传输和网络结构如图4所示。

 
   

驾驶操纵数据作为注意力层的输入，为双向门控循环单元层（BiGRU）的输入分配权重。权

重越大，表示该时间步的数据越重要，其计算公式为

{■(w_t=softmax (k_t h_t+b_t )@S=∑_(t=1)^(T_l)▒〖w_t  h_t 〗)┤

其中，h_t  

是某一时间点的双向门控循环单元网络的隐藏层输出，b、k分别是偏置和权重，T_l  

是驾驶行为序列的总长度，S 是注意力层的最终表示向量。

BiGRU从前、后两个方向获取特征向量。门控循环单元计算由注意力层传递过来的特征向量

，并输出固定维度的向量作为驾驶操纵行为特征的表征向量〖Lat〗^K。在门控循环单元内

部，计算过程表示为

{■(■(■(r_t=σ(K_r*[h_(t-1)，s_t ]+b_r )@z_t=σ(K_z*[h_(t-1)，s_t ]+b_z ) )@h 

̃_t=tanh (K_h ̃ *[〖r_t*h〗_(t-1) sc_t ]+b_h ̃  ) )@h_t=(1-z_t ) 〖*h〗_(t-

1)+z_t*h ̃_t )┤
其中，tanh 是双曲正切函数，s_t  是门控循环单元层的输入向量，h_t  

是门控循环单元的输出向量，r_t  是重置门状态向量，z_t  是更新门状态向量。

（4）多模态信息融合与异质性驾驶行为识别

目前车辆动力学数据多依赖自注意力或交叉注意力进行数据特征融合，但扩展性较差，难以

应用于超过两种模态的复杂数据集。针对此问题，本文采用改进的OvT注意机制[83]对不同

模态数据进行有效融合，并在此基础上理解每种模态的相对重要性，模型结构如图5所示。

通过各特征提取器获得的表征向量 m_i 

ϵ〖Lat〗^M,〖Lat〗^G,〖Lat〗^K，分别计算各模态 m_i  

与其他模态的组合表示之间的相似性。计算公式可表示为

score(m_i)=m_i^T K (∑_(i≠j)^k▒m_j )/(k-1)
〖m_att〗_i=softmax(〖score(m_i )*m〗_i)

其中，〖m_att〗_i  是融合其他模态信息后的表征向量， k是模态数量， K 是权重矩阵。

多模态融合特征向量输入到多层感知机中，输出每个类别的置信值，以形成最终识别结果。

然后，将批训练样本识别的置信度与真值进行比较，以计算损失并进行反向传播。训练过程

结束后，模型根据最高置信度分数判定驾驶员认知状态类别。

 
   

三、技术创新与工程成果

1）动态风险分级预警算法：

基于异质性驾驶行为与风险场景的耦合关系，提出两种互补的自适应预警策略，突破传统预

警算法局限：
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a.动态预警阈值优化算法：融合驾驶员认知状态、车辆运动状态以及安全避险时间，构建预

警阈值动态调整模型，实现阈值随驾驶行为自适应的预警触发机制。

b.多因子融合的预警算法：基于机器学习构建融合驾驶员异质性行为、预警反应时间及交通

环境状态的安全距离预测模型，设计安全距离预测-

预警时机调节的联合优化策略，平衡紧急制动与误报抑制的冲突需求。

为开发适用于配备驾驶辅助系统的碰撞预警算法，采用车米云图公司的重型货车自然驾驶数

据进行算法测试与验证。图6展示了不同类型的预警算法在驾驶员状态差异下的预警效果，M

azda模型（橙色虚线）趋近于保守，因此预警距离远远大于车间距，在真实交通环境中容易

发生误警情况。固定时间阈值模型（TTC=2.7s，黄色虚线）的预警距离波动较小，且该模型

无法根据驾驶员异质性动态调整预警时刻，算法有效性较低。基于机器学习方法（粉色虚线

）与基于阈值优化的自适应预警策略（蓝色虚线），相较于传统碰撞预警算法，更趋近人类

驾驶员特性。这两种算法通过融合驾驶员状态、道路环境特征等，实现预警时刻动态调整，

表明所提出的两种自适应算法在驾驶员异质性建模方面的优势，有利于增强驾驶员对预警系

统的信任度。

 

 

   

   

 

  

  

   

     

     

   

      

      

      

      

      
      

      

      

通过上述分析，可以采用具体的预警反馈指标来分析各预警算法的有效性。其中，以0.1

g作为判断驾驶员制动行为的阈值，较高的阈值可以捕获更多的低风险样本，这将提供一个

更为完整的驾驶员风险偏好视图。如表1所示，可将FCW样本分为“安全”和“威胁”两类事

件， N 为事件数量。

表 1 碰撞预警算法评估指标定义

有预警信号 无预警信号

威胁事件 N_1 N_2

安全事件 N_3 N_4

采用的性能指标包括准确率、精确度、召回率、特异度和误报率，其中误报率在本项目中定

义为所有预警事件中安全事件所占的比例，仿照定义漏警率为威胁发生时未预警事件所占的

比例。将六个指标分别表示为φ_1 (=(N_1+N_4)/(N_1+N_2+N_3+N_4 )*100%)，φ_2

(=N_1/(N_1+N_3 )*100%)，φ_3 (=N_1/(N_1+N_2 )*100%)，φ_4 (=N_4/(N_3+N_4

)*100%)，φ_5 (=N_3/(N_1+N_3 )*100%)，φ_6 (=N_2/(N_1+N_2 )*100%) 。

表 1 碰撞预警算法有效性评估结果

模型 φ_1 φ_2 φ_3 φ_4 φ_5 φ_6

Transformer模型 81.78% 90.62% 84.23% 81.60% 9.38% 15.77%

A-TTC模型 74.31% 74.84% 98.81% 3.13% 25.16% 1.19%

TCN模型 68.71% 84.89% 70.37% 63.89% 15.11% 29.63%

TTC=2.7s 70.75% 74.47% 92.35% 8.68% 25.53% 7.65%
Mazda模型 72.04% 74.66% 98.57% 2.78% 25.34% 1.33%

Honda模型 70.49% 75.02% 90.44% 12.5% 24.98% 29.51%

Berkeley模型 70.67% 75.69% 89.25% 16.67% 24.32% 10.75%

评估结果表明，基于Transformer的自适应预警算法在预警任务中展现出显著的综合性能优

势，其各项指标均优于经典预警模型，尤其在准确率、精确度与特异度等关键性能指标上表

现突出。如表1所示，Transformer模型的总体准确率（φ_1=81.78%）显著高于次优的基于

阈值优化模型（φ_1=74.31%）及其他对比模型（均值φ_1=71.45%），这一差距在统计学上

具有显著意义（p<0.01）。在精确度方面，Transformer较次优模型提升15.78%，表明其具

有更强的正类样本判别能力，有效降低了误警风险。值得注意的是，基于阈值优化模型虽然

实现了极高召回率（φ_3=98.81%），但其特异度（φ_4=3.13%）显著偏离合理区间，导致

误报率（φ_5=25.16%）较高。这种高敏感性与低特异性的矛盾特征揭示了该模型存在过拟



8

 

 

  

合风险，其预警机制可能过度依赖所采集的自然驾驶数据样本中的特定模式，在实际道路场

景中易产生频繁的虚假预警，导致驾驶员产生适应性疲劳，反而降低安全效用。相较之下，

Transformer模型在保持较高召回率（φ_3=84.23%）的同时，实现了最优特异度（φ_4=81.

60%），其均衡性指标（F1_score=0.83）较基于阈值优化模型（F1_score=0.79）提升了5.0 

6%，充分验证了注意力机制在驾驶行为数据时空特征提取中的优越性。

从系统鲁棒性角度分析，Transformer的误报率（φ₅=9.38%）与漏报率（φ₆=15.77%）均

处于较低水平，较其他经典碰撞预警算法模型降低约43%和27%。这种特性源于其自注意力机

制对复杂道路交互关系的深度建模能力，通过动态权重分配有效捕捉长程依赖关系，解决了

普通神经网络模型（如基于TCN的自适应预警模型）因卷积核尺度限制导致的时序特征丢失

问题。而基于阈值优化的自适应预警模型虽通过参数调优实现了次优的准确率，但其结构固

有的归纳偏置限制了特征空间的探索能力，在应对突发驾驶场景时易产生系统性偏差。

综上所述，基于Transformer的自适应预警模型凭借其多头部注意力机制与位置编码技术，

在碰撞预警任务中实现了预测精度与泛化能力的双重突破，其性能优势具有统计学显著性和

工程应用价值。基于阈值优化的自适应预警模型作为次优方案，可作为特定场景下的补充方

案，如作为极端工况下安全性能的底线保障，但在综合性能指标上与基于深度学习的方法仍

存在系统性差距。

2）商业落地与行业认可：

a.系统已用于杭州、广州、南昌等在途重型货车驾驶员的行为监测，异常驾驶行为识别准确

率提升至89.5%，节约近60%需人工进行处理的异常行为事件，节省保险成本超100万元/年；

b.获2024年深圳市创新应用大赛三等奖，入选《智能网联汽车创新技术目录》。

3)实时推理能力及模型轻量化：

a.模型轻量化：

采用知识蒸馏技术，将模型参数量从128M降84M，推理延迟从180ms优化至93ms（NVIDIA

GeForce RTX 4070实测）。

b.边缘-云协同架构：本地设备处理实时预警信号（＜100ms），云端平台异步更新驾驶员风

险画像（日均驾驶行为分析报告生成：包括疲劳、分心预警，超速行为等统计次数，以及月

度驾驶员危险等级排行表）。
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（二）取得的业绩（代表作）【限填3项，须提交证明原件（包括发表的论文、出版的著作、专利

证书、获奖证书、科技项目立项文件或合同、企业证明等）供核实，并提供复印件一份】

1. 
公开成果代表作【论文发表、专利成果、软件著作权、标准规范与行业工法制定、著作编写、科技

成果获奖、学位论文等】

成果名称

成果类别 

[含论文、授权专利（含

发明专利申请）、软件著

作权、标准、工法、著作

、获奖、学位论文等]

发表时间/

授权或申

请时间等

刊物名称

/专利授权

或申请号等

本人

排名/

总人

数

备注

Truck Drivers’ 

Cognitive Feature 

Learning with 

Multimodal 

Information Fusion

会议论文
2024年09

月28日

2025 

Transporta

tion 

Research 

Board

1/6  

驾驶行为异常识别：研

究进展、方法与数据驱

动实例

会议论文
2024年04

月07日

2024世界交

通运输大会
1/4  

      

2.其他代表作【主持或参与的课题研究项目、科技成果应用转化推广、企业技术难题解决方案、自

主研发设计的产品或样机、技术报告、设计图纸、软课题研究报告、可行性研究报告、规划设计方

案、施工或调试报告、工程实验、技术培训教材、推动行业发展中发挥的作用及取得的经济社会效

益等】
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（三）在校期间课程、专业实践训练及学位论文相关情况

课程成绩情况 按课程学分核算的平均成绩： 87 分

专业实践训练时间及考

核情况(具有三年及以上

工作经历的不作要求)

累计时间： 1.1 年（要求1年及以上）

考核成绩： 84 分

本人承诺

个人声明：本人上述所填资料均为真实有效，如有虚假，愿承担一切责任

，特此声明！

                                  申报人签名：
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ABSTRACT 1 
Real-time assessment of drivers' cognitive states is critical for improving road safety, especially in freight 2 
transport, where long-haul truck drivers frequently encounter prolonged fatigue and diverse traffic 3 
interactions. Current Advanced Driver Assistance Systems (ADAS) primarily cater to passenger vehicles, 4 
overlooking the distinctive challenges inherent to heavy trucks, such as delayed braking responses, 5 
extended sensor fusion latencies, and drivers' reliance on roadway familiarity. To address this gap, this 6 
paper proposes a Multimodal Attention Neural Network (MMANN) framework that integrates three 7 
asynchronous data streams: vehicle kinematics, driver facial states captured via low-frequency imaging, 8 
and driving environment videos. The proposed model utilizes interpretable attention mechanisms to fuse 9 
multimodal data, facilitating the classification of cognitive states into low-activity (characterized by 10 
distraction or fatigue), normal-activity, or high-activity (indicative of stress or aggressive driving). Trained 11 
on an extensive 180-day naturalistic dataset, MMANN achieves an impressive recognition accuracy of 82.4% 12 
- a notable improvement of 8.6% over single-modal baselines. This research pioneers the development of 13 
adaptive cognitive models, specifically tailored to the unique operational patterns and environmental 14 
constraints of truck driving. 15 
 16 
 17 
Keywords: Truck Driving Behavior, Cognitive State Recognition, Naturalistic Driving, Multimodal 18 
Information Fusion, Transformer  19 
  20 
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INTRODUCTION 1 
Advanced Driving Assistance Systems (ADAS), such as adaptive cruise control, forward collision 2 

warning (FCW), lane departure warning (LDW), speeding warning, and automated emergency braking, are 3 
designed to enhance safety by either alerting drivers to potential hazards or by taking over certain driving 4 
maneuvers (1). These features are important for the successful deployment of autonomous vehicles in the 5 
future (2). While ADAS can assist with driving tasks, until fully mature autonomous driving is achieved, 6 
drivers need to be cautious in case any of these systems fail to respond or disengage (3,4). Therefore, real-7 
time monitoring of driver cognitive states can significantly enhance driving safety through proactive risk 8 
identification, particularly for commercial vehicle operators and long-haul truck drivers engaged in 9 
prolonged transportation missions (5). 10 

The effectiveness of some ADAS, such as FCW and LDW systems, has been evaluated in various 11 
studies (6,7). Some efforts have also been made to explore the key factors influencing drivers’ acceptance 12 
of advanced features. Previous studies indicated that partially autonomous driving systems often result in 13 
passive fatigue, reduced vigilance and insufficient cognitive load, all of which negatively impact drivers’ 14 
performance in critical situations (8). Moreover, drivers' attention can be diverted when using conditionally 15 
automated driving systems, as they may engage in non-driving-related tasks, thereby reducing situational 16 
awareness (9). A few studies used self-reported surveys and physiological indicators to investigate changes 17 
in drivers’ cognitive status during partially and conditionally autonomous driving (10,11). Prior studies 18 
utilized self-assessment tools such as NASA-TLX (12) for cognitive state evaluation and MMSE (10) for 19 
workload measurement. Some were conducted by providing drivers with a test vehicle to capture and 20 
evaluate driving behavior (13). While these studies provide insights on driver interaction of advanced 21 
features, they are limited to selected scenarios, and drivers are susceptible to memory biases, which reduces 22 
their ability to accurately estimate their own cognitive state. In general, the behavioral differences between 23 
drivers operating vehicles equipped with ADAS versus those without ADAS have not been thoroughly 24 
investigated through naturalistic driving studies. 25 

To avoid the limitations of the above subjective measurements, psychological, physiological, and 26 
behavioral datasets including eye movements, galvanic skin response, heart rate, head rotation, and vehicle 27 
states were widely employed (14). Changes such as in pupil movement, facial features, and vehicle 28 
acceleration can be recorded by sensors and other sources to infer drivers’ cognitive state (15,16). Some 29 
studies also analyzed patterns of brain electrical activity measured using electroencephalography (EEG) to 30 
estimate drivers’ levels of stress, attention, and alertness (17). Each individual measure has its advantages 31 
and limitations. Drivers’ cognitive state (e.g., attention, fatigue) can affect takeover performance (18). 32 
Therefore, it is important to accurately identify drivers’ cognitive state in partially autonomous vehicles 33 
and incorporate it into the design of the fallback procedure (19).  34 

Traditionally, vision, text, audio, and kinematic data have been examined within distinct domains 35 
(20, 21). However, this fragmented analytical approach is insufficient for understanding the intricacies of 36 
driver behavior. Drivers engage with traffic through a multi-sensory modality, where diverse information 37 
streams are processed and interpreted by specialized brain regions to form a complex yet cohesive sensory 38 
loop (5). This biologically-driven sensory integration requires the development of computational 39 
frameworks capable of emulating the brain's adaptive fusion hierarchy. 40 

According to the relevant literature review, several critical limitations emerge: 1) Previous studies 41 
have predominantly relied on physiological data, e.g., EEG, eye tracking, interface pressure, and heart rate. 42 
However, collecting such data in naturalistic driving scenarios is both invasive and technically challenging. 43 
2) The naturalistic driving datasets currently available suffer from a small participant pool, which may lead 44 
to a statistical over-representation problem. 3) Single-modal data architectures lack the capacity to detect 45 
drivers' complex cognitive-load state with sufficient accuracy and timeliness. Furthermore, current ADAS 46 
research predominantly focuses on standardized scenarios derived from passenger vehicle operations, 47 
overlooking the unique challenges inherent to commercial truck driving. The prolonged operational cycles 48 
of freight transportation induce cumulative cognitive fatigue that existing passenger-oriented models fail to 49 
quantify. Compounded by the complex interactions in mixed traffic environments (e.g., vulnerable road 50 
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user detection during urban freight distribution), these factors necessitate the development of specialized 1 
cognitive state assessment frameworks. 2 

To address the research gap in commercial vehicle safety, this study focuses on exploring 3 
multimodal driving data feature extraction, fusion, and cognitive state recognition. Initially, the study 4 
conceptualizes driver activity as a complex interplay of various cognitive structures, each influenced by 5 
factors related to the driver's state (e.g., maintaining situational awareness during autonomous driving) and 6 
driving-related factors (e.g., consuming cognitive resources to perform driving tasks) (22,23). Building on 7 
this conceptual foundation, the framework systematically integrates three asynchronous data streams of 8 
vehicle dynamics, driving environment information, and driver facial features obtained from non-invasive 9 
devices. Meanwhile, the multimodal data fusion method is used to estimate the driver’s cognitive profile, 10 
which was often estimated by physiological and/or psychological indicators in previous studies. Moreover, 11 
this study explores naturalistic driving data of heavy trucks when driving with FCW and overspeed warning 12 
in urban, rural, and freeway scenarios under varying traffic flow, lighting and weather conditions. Thereby, 13 
the proposed framework bridges the knowledge gap between passenger-centric ADAS research and the 14 
safety demands of commercial freight transport. 15 

 16 
DATASET  17 

The naturalistic driving dataset utilized in this study specifically focuses on heavy trucks equipped 18 
with Advanced Driver Assistance Systems (ADAS) operating in Guangzhou Province. During the data 19 
acquisition phase, comprehensive vehicular operational data, including geolocation tracking information, 20 
real-time vehicular operational metrics, safety alert logs, forward-facing visual recordings, and driver-21 
facing camera feeds, were systematically transmitted to the cloud infrastructure. 22 

The ADAS system in these vehicles incorporates multiple safety features, including Forward 23 
Collision Warning (FCW), lane-departure warning, and real-time monitoring of the driver's facial status. 24 
The facial monitoring system provides alerts for fatigue, distraction, and abnormal behaviors such as 25 
smoking or phone usage. Given the heterogeneous nature of multimodal driving data, FCW events were 26 
selected as the primary observational samples in this study due to their unique integration of three critical 27 
components: driver states, vehicle operational parameters, and roadway situational contexts. 28 

The cloud platform records alarm events with a set of data streams, including the alarm time (𝑇𝑊), 29 
vehicle driving status data, environmental data, the driver's facial image at the time of alarm, and vehicle 30 
front video (as illustrated in FIGURE 1). The data streams were recorded at varying frequencies: 1fps for 31 
facial images captured via infrared cameras, 10Hz for vehicle dynamics through radar signals, and 10fps 32 
for driving environment video. Each modal dataset encompasses driving data from 5 seconds before the 33 
warning to 5 seconds after the warning initiation time, providing a comprehensive temporal context for 34 
analysis. 35 

 36 
FIGURE 1 Multimodal data sample. (SV: subject vehicle ; FV: front vehicle) 37 

 38 
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9,453 original warning data segments from 569 heavy trucks were collected over a 180-day period 1 
from January 1 to June 30, 2023. TABLE 1 shows a set of sample data. After data preprocessing, 3,519 2 
valid FCW events were extracted (𝜇 = 6.2 instances per vehicle). Considering the potential impact of driver 3 
states (e.g., fatigue, distraction, stress), this study conducted a comparative analysis of the trigger time 4 
between FCW and other warnings. Based on this analysis, a preliminary classification framework was 5 
established, comprising three distinct categories of FCW warning: 6 

1) Distraction group: system detected ≥ 2 fatigue or distraction warnings within 300 seconds prior 7 
to FCW activation. 8 

2) Normal group: no significant fatigue, distraction, or abrupt acceleration/deceleration warnings 9 
were detected before or after FCW activation, with driver behavior parameters remaining within normal 10 
operating thresholds. 11 

3) Driver stress group: temporal overlap ( ∆𝑡  ≤ 3𝑠 ) between FCW activation and abrupt 12 
acceleration/deceleration warnings, indicating concurrent aggressive driving behaviors during FCW events. 13 
 14 

TABLE 1 Main characteristics of the dataset 15 

Time Index 
Driver 

ID 

Warning 

Label 
Speed(km/h) 

Relative 

Distance(m) 

Front Vehicle 

Speed(km/h) 
Heading(°) 

1 77 0 66.4 11.7 67.2 112 

2 77 0 66.6 11.3 65.8 113 

3 77 0 66.8 10.9 65.4 112 

… … … … … … … 

51 77 1 63.8 7.8 61.6 122 

52 77 1 62.4 7.4 60.3 124 

53 77 1 61.7 6.5 59.8 125 

… … … … … … … 

 16 
Reaction time was calculated through comparative analysis of the acceleration and relative velocity 17 

(speed differential between subject truck and leading vehicle) curves (24). FIGURE 2 shows a sample of 18 
the curves of subject truck acceleration and relative velocity over time. For each extremum point (local 19 
minima/maxima) of the relative velocity 𝑅1 , there is a corresponding extremum point (local 20 
minima/maxima) of the acceleration 𝑅2. The temporal peaks correspond to warning initiation and driver 21 
response, and the time between them is the reaction time 𝑇𝑟. 22 

 23 

 24 
FIGURE 2 Reaction time determination 25 

 26 
METHODOLOGY 27 

In this work, a transformer-based framework ‘Multimodal Attention Neural Network (MMANN)’ 28 
is proposed, which consists of a feature extraction module designed to capture driving behavior, drivers’ 29 
states and environment, along with a fusion module to integrate multimodal data. This section begins by 30 
outlining the problem definition and modeling approach. 31 
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A. Problem Definition 1 
Driver activity was applied to characterize the complex cognitive structures of drivers during FCW 2 

events. A primary objective of driver activity estimation is to assess whether the driver can respond 3 
promptly and execute appropriate risk avoidance measures when encountering hazardous situations. 4 
Consequently, the driver activity recognition task is framed as a time series classification problem, with the 5 
driver activity level serving as the designated label:  �̂�𝑗 ∈ {0,1,2},where 0 = low-activity level, 1 = normal-6 

activity level, 2 = high-activity level, given the multimodal temporal sequences  𝑋𝑙  of size 𝑙 .As this 7 
classification, low-activity means fatigue driving or distraction driving state, for example, the driver's 8 
attention resources devoted to driving tasks are reduced due to fatigue or non-driving related tasks; normal-9 
activity means normal driving state, at this time, the driver's attention is concentrated and the environmental 10 
pressure is appropriate; high-activity means aggressive driving or stressful driving state, for example, 11 
drivers of ' road rage ' tend to ignore some environmental information to overdrive. Therefore, the problem 12 
is to generate the corresponding driver activity level �̂�𝑗 based on temporal series information as  13 

�̂�𝑗 = 𝑎𝑟𝑔 max
�̂�𝑗 ∈{0,1,2}

𝑝(𝑦𝑗|𝑋𝑗
𝑙)    , 𝑗 = 1,2,… ,𝑁                                                                                              (1) 14 

𝑋𝑙 = [  𝑥1, 𝑥2, … , 𝑥𝑙  ]                                                                                                                                   (2) 15 
where 16 
𝑗 is the 𝑗th sample, 17 
𝑁 is sample size, 18 
𝑥 represents the feature at each time step.  19 

Multimodal temporal information consists of front camera video 𝑀𝑙  and driver's facial images 𝐺𝑙 20 
obtained by camera sensor, vehicle kinematics  𝐾𝑙 obtained by on-board sensors, denoted by 𝑋𝑙 =21 
[𝑀𝑙 , 𝐺𝑙 , 𝐾𝑙] , and 𝑥 = [𝑚, 𝑔, 𝑘] ,respectively. Specifically,  𝑘 = [𝑣, 𝑎, ∆𝑠, ∆𝑣] represents the 22 
velocities/accelerations of the truck, and the relative distance/velocity with respect to the front one, 23 
respectively. 24 
 25 
B. Model Construction 26 

The MMANN model, as shown in FIGURE 3, presents a multimodal fusion architecture. First, 27 
MMANN passes each modal data to its dedicated feature extractors: 1) Multi-channel Video Vision 28 
Transformer (MCViViT) model for videos, 2) Convolutional Neural Network-Vision Transformer (CNN-29 
ViT) model for images, and 3) an Attention-BiGRU (AT-BiGRU) for driving kinematics. Then, the features 30 
extracted from the three models were fused using One-to-Two (OvT) attention layers. At the same time, 31 
this layer learns attention weights to decide the importance ratio for each modality. Last, the Multilayer 32 
Perceptron (MLP) outputs a multi-classification result of driver’s activity level. 33 

 34 
FIGURE 3 Overview of the MMANN model 35 
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Driver State Feature Extraction 1 
In recent years, Transformer model has become the first choice for natural language processing 2 

(NLP) tasks, especially working together with the self-attention mechanism. Vision Transformer (ViT) 3 
applies to image processing, which involves dividing image into blocks, and then processing these linearly 4 
arranged block sequences as the input. In this context, the concept of image blocks is similar to the concept 5 
of tokens in NLP tasks. FIGURE 4 illustrates the structure of an improved ViT module for feature 6 
extraction of multi-channel images of driver’s state. 7 
 8 

 9 
 10 
FIGURE 4 Workflow of the CNN-ViT model ( 𝑊𝑞: query weights; 𝑊𝑘: key weights; 𝑣𝑝𝑜𝑠: attention 11 

center and span embeddings; 𝑟𝑖𝑗: relative position encodings; 𝜎:sigmoid function; 𝜔: gating parameter) 12 

 13 
In the CNN-ViT Model, given an input image denoted as 𝐺𝜖𝑅𝐻∗𝑊∗𝐶 , it is reshaped into a sequence 14 

of flattened patches, denoted as 𝐺𝑓𝑙𝑎𝑡𝜖𝑅
𝑁∗𝑃2∗𝐶, where 𝐻,𝑊, 𝐶 and 𝑃 represent the height, width, number 15 

of channels, and the size of the image block respectively, and 𝑁 =
𝐻∗𝑊

𝑃2
  represents the number of image 16 

blocks. Subsequently, each block is linearly embedded into a low-dimensional feature space, and an 17 
additional position embedding is added to the patch embedding. The embedding process can be expressed 18 
as follows: 19 

𝐸O = 𝐿𝑝𝑜𝑠 + [𝐺𝑓𝑙𝑎𝑡
1 𝐿; 𝐺𝑓𝑙𝑎𝑡

2 𝐿;… ; 𝐺𝑓𝑙𝑎𝑡
i 𝐿;… ; 𝐺𝑓𝑙𝑎𝑡

N 𝐿]                                    (3) 20 

where 21 

𝐺𝑓𝑙𝑎𝑡
𝑖  is the 𝑖th patch, 22 

𝐿 is the linear embedding function,  23 
𝐿𝑝𝑜𝑠 is the position embedding function,  24 

𝐸o is the output of the embedding operations.  25 
Then 𝐸o is transmitted to Local Transformer (LT) layer and the extracted local features 𝐸𝑙 are sent 26 

to the Standard Transformer (ST) layer, the extra class embedding is added, denoted as 𝐸𝑙𝑜𝑐𝑎𝑙 = [𝐺𝑐𝑙𝑎𝑠𝑠; 𝐸𝑙], 27 
and 𝐸𝑐𝑙𝑎𝑠𝑠 represents embedding class label. Driver state feature representation 𝐿𝑎𝑡𝐺 is generated through 28 
ST layer. 29 

LT and ST contain a sequential array of Transformer blocks, and the total number are 𝐷𝑙  and 𝐷𝑠, 30 
respectively. Each ST block contains a Multi-head Self-Attention (MSA) block, followed by a MLP block： 31 

𝐸𝑑
′ = 𝑀𝑆𝐴(𝐿𝑁(𝑂𝑑−1)) + 𝐸𝑑−1  , 𝑙 = 1,2,… , 𝐷                                         (4) 32 

𝐸𝑑 = 𝑀𝐿𝑃(𝐿𝑁(𝑂𝑑
′ )) + 𝐸𝑑

′   , 𝑙 = 1,2,… , 𝐷                                             (5) 33 
where 34 
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𝐿𝑁 represents the normalization function,  1 
𝐸𝑑  and 𝐸𝑑

′  correspond to the output of MLP and MSA blocks, respectively.  2 
In the MSA layer, each self-attention head ℎ performs the following operations: 3 

𝑀𝑆𝐴ℎ(𝐺) = 𝐴
ℎ𝐺𝑊ℎ                                                                  (6) 4 

where  5 
𝑊ℎ is the value matrix,  6 
𝐴ℎ is attention matrix.   7 

In LT block the MSA with positional self-attention (PSA) is used to replace the self-attention layer 8 
to achieve local perception, that is, 𝐴ℎ is replaced by 𝐴𝐼𝐽

ℎ , and could be defined as: 9 

𝐴𝑖𝑗
ℎ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝑖

ℎ𝐾𝑗
ℎ𝑇 + 𝑉𝑝𝑜𝑠

ℎ 𝑇
𝑟𝑖𝑗)                                                                                                            (7) 10 

Each attention head ℎ uses a trainable embedding  𝑉𝑝𝑜𝑠
ℎ ∈ 𝑅𝐷𝑝𝑜𝑠, and the relative position encoding 11 

𝑟𝑖𝑗 ∈ 𝑅
𝐷𝑝𝑜𝑠  represents the relative position between the patch 𝑖 and 𝑗. Its size depends only on the distance 12 

between the pixels 𝑖 and 𝑗 . When the PSA layer contains ℎ attention heads and the relative position coding 13 
dimension 𝐷𝑝𝑜𝑠 ≥ 3, the PSA could be regarded as a convolutional layer with a convolution kernel size of 14 

√ℎ × √ℎ , and the network pays more attention to local features.  15 
 16 
Driving Environment Feature Extraction 17 

The input video generates a large number of spatio-temporal tokens, and the context of the long-18 
range annotation sequence and the efficiency of the model must be considered. Based on ViT, this paper 19 
expounds the structure of an improved multi-channel ViViT module, which is used to extract driving 20 
environment features. The tubelet-embedding method is used to map the video 𝑀 into a sequence of tokens 21 
�̃�. Given a video input, denoted by M∈ 𝑅𝑇∗𝐻∗𝑊∗𝐶  , defining 𝑡 ∈ 𝑅𝑡∗ℎ∗𝑤  of the tube 𝑡 , then 𝑛𝑡 ∗ 𝑛ℎ ∗22 

𝑛𝑤  sequences �̃� can be obtained, �̃� ∈ 𝑅𝑛𝑡∗𝑛ℎ∗𝑛𝑤∗𝐶 , 𝑛𝑡 =
𝑇

𝑡
，𝑛𝑤 =

𝑊

𝑤
，𝑛𝑡 =

𝑇

𝑡
. Then, position 23 

embedding and class embedding are added to each sequence token �̃�, and the input tokens 𝑚 ∈ 𝑅𝑁∗𝑑  to 24 
the following Transformer is acquired. Compared with the uniform sampling method in ViT, sequence 25 
constructed in this way can better fuse spatio-temporal information. 26 

 27 

 28 
FIGURE 5 Workflow of MCViViT model 29 

 30 
FIGURE 5 presents Transformer-based spatial encoder and temporal encoder structures. First, the 31 

spatial encoder models the interaction between tokens extracted by the same time index, a representation 32 
ℎ𝑖 ∈ 𝑅

𝑑 for each temporal index is obtained after 𝐿𝑠 layers. Then ℎ𝑖 are concatenated into 𝐻 ∈ 𝑅𝑛𝑡∗𝑑, and 33 
forwarded through the temporal encoder consisting of 𝐿𝑡  layers to aggregate the representations from 34 
different temporal indices, and corresponds to the late fusion of spatial-temporal information. The output 35 
token of the temporal encoder is the feature representation of the driving environment feature extraction 36 
𝐿𝑎𝑡𝑀. 37 
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Driving Operational Feature Extraction 1 
Vehicle dynamics data is often constructed as multivariate time sequences that contain various 2 

driving behavior characteristics for optimal utility. RNNs have achieved great success in speech recognition 3 
and language translation. To enhance the learning ability of sequence data, researchers proposed two 4 
effective variants: LSTM and GRU. Considering the characteristics of driving operation data, this study 5 
employs BiGRU to capture the two-way dependence of time sequences, and uses the attention layer to 6 
highlight important time indicators. The internal information transmission and network structure are shown 7 
in FIGURE 6. 8 

 9 

 10 
FIGURE 6 Workflow of AT-BiGRU model 11 

 12 
Driving operational data is the input of the attention layer and assigns weights to the input of the 13 

BiGRU layer. The greater the weight, the more important the data at that time step, which means ‘attention’ 14 
is focused here, and will affect the final result of the entire problem. The attention calculation formula is： 15 

{
𝑤𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑘𝑡ℎ𝑡 + 𝑏𝑡)

𝑆 = ∑ 𝑤𝑡 ℎ𝑡
𝑇𝑙
𝑡=1

                                                                                                                       (8) 16 

where  17 
ℎ𝑡  is the hidden layer output of BiGRU network at a certain time, 18 
𝑏 and 𝑘 are bias and weight respectively, 19 
𝑇𝑙  is the total length of driving behavior sequence,   20 
𝑆 is the final representation vector of attention layer. 21 

Bi-GRU obtain feature vectors from both back and forward directions. GRU calculates the feature 22 
vector transmitted by attention layer and outputs a vector with a fixed dimension. Inside the GRU unit, 23 
there are four parts of calculation: 24 

{
 
 

 
 𝑟𝑡 = 𝜎(𝑊𝑟 ∗ [ℎ𝑡−1，𝑠𝑡] + 𝑏𝑟)

𝑧𝑡 = 𝜎(𝑊𝑧 ∗ [ℎ𝑡−1，𝑠𝑡] + 𝑏𝑧)

ℎ̃𝑡 = 𝑡𝑎𝑛ℎ (𝑊ℎ̃ ∗ [𝑟𝑡 ∗ ℎ𝑡−1𝑠𝑐𝑡] + 𝑏ℎ̃)

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡

                                                                                                     (9) 25 

where  26 
𝜎 is the sigmoid function,  27 
𝑡𝑎𝑛ℎ is the hyperbolic tangent function,  28 
𝑠𝑡 is the input vector of the GRU layer,  29 
ℎ𝑡  is the output vector of the GRU unit,  30 
𝑟𝑡 is the reset gate state vector,  31 
𝑧𝑡 is the update gate state vector,  32 
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𝑊and 𝑏 correspond to the weight vector and the bias vector respectively.  1 
Since the input is the whole time series, the characteristics of a certain moment depend on both the 2 

previous information and the future information at that moment. The calculation formula is as follows: 3 
𝐿𝑎𝑡𝑡

𝐾 = [ℎ 𝑡 
1 ,  ℎ 𝑡

2]                                                                                                                                       (10) 4 
where 5 
𝐿𝑎𝑡𝑡

𝐾 is the output of BiGRU layer at time 𝑡,  6 
ℎ 𝑡 
1 is the hidden state of forward propagation,  7 

ℎ 𝑡
2 is the hidden state of backward propagation. 8 

 9 
Fusion of Modalities 10 

Many multimodal models rely on self-attention or cross-attention for effective data integration, but 11 
do not scale well for applications with more modalities. Hence, an improved OvT attention mechanism is 12 
utilized (25) to understand the relative importance of each modal (in FIGURE 7).  13 

Given an embedding mode 𝑚𝑖  obtained from a dedicated encoder, 𝑚𝑖𝜖𝐿𝑎𝑡
𝑀 , 𝐿𝑎𝑡𝐺 , 𝐿𝑎𝑡𝐾  , 14 

calculate the similarity between this mode and the combined representation of all other modes. The 15 
calculation formula is as follows： 16 

𝑠𝑐𝑜𝑟𝑒(𝑚𝑖) = 𝑚𝑖
𝑇𝑊

∑ 𝑚𝑗
𝑘
𝑖≠𝑗

𝑘−1
                                                                                                                        (11) 17 

𝑚𝑎𝑡𝑡𝑖
= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑠𝑐𝑜𝑟𝑒(𝑚𝑖) ∗ 𝑚𝑖)                                                                                                        (12) 18 

where  19 
𝑚𝑎𝑡𝑡𝑖

 is the feature representation of 𝑚𝑖 after fusing other modal information, 20 

𝑊 is weight matrix can be learned,  21 
𝑘 is number of modes, and 𝑖 ∈ 1,2, … , 𝑘. 22 

 23 

 24 
FIGURE 7 Workflow of multimodal fusion model 25 

 26 
Output Classifier Layer 27 

As in FIGURE 3, the multi-modal fusion feature representation 𝑚𝑎𝑡𝑡𝑖
 is input into MLP, and 28 

confidence value of each class is output to form final prediction �̂�𝑡 = 0 : low-activity level of the truck 29 
driver, �̂�𝑡 = 1 : normal-activity level, �̂�𝑡 = 2 : high-activity level. Then, the confidence �̂� of the batch 30 
training prediction is compared with the true label to calculate the loss and back propagation. Once trained 31 
the model predicts classes based on the highest confidence score. 32 
 33 
C. Model Training and Evaluation 34 

Training was performed on a Nvidia RTX 3070 GPU. The dataset was divided using stratified 35 
random sampling implemented via Python's scikit-learn library, and class distribution was preserved 36 
through the 'stratify' parameter. Through data shuffling and two-stage splitting, samples from each driver 37 
activity level were allocated to training (70%), validation (10%), and test (20%) sets. Adam optimizer was 38 
selected for training with a maximum of 150 epochs and a batch size of 24, a learning rate (𝑙𝑟) of 1 × 10−5 39 
and a learning rate scheduler named CosineAnnealingLR. CrossEntropy, an advanced loss function for the 40 
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multi-classification problem, was also applied with label smoothing (26,27) as loss metric. Label smoothing 1 
can reduce the harm caused by overfitting and overconfidence in model training, i.e., alleviates the troubles 2 
caused by wrong labels on model learning. The formula of Cross-Entropy is as follows: 3 

log(softmax( ))i iC y x= −                                                                                                                  (13) 4 
where  5 
𝑥 is the output of the model, 6 
𝑦 is the true label with the form of one-hot.  7 

When using Label Smoothing, the formula can be changed as follow: 8 

log(softmax( ))S iL iC q x= −                                                                                                              (14) 9 
where   10 

𝑞𝑖 = {
1 − 𝜔 ,    𝑦𝑖 = 1
1

𝑁−1
𝜔  , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 , 11 

𝑁 is number of classes, 12 
𝜔  is hyperparameter and tends to be a small numeral.  13 
In this model, 𝑁 = 3, 𝜔 = 0.1 . 14 

For operation feature extraction, each of one attention layer and two BiGRU layers has a hidden 15 
dimension of 32. All features are uniformly resampled to 10 Hz and normalized to the same scale. For 16 
driver state feature extraction, the two raw images of each driver are unified into 256×256 to avoid data 17 
misalignment during model training. For driving environment feature extraction, the videos are sampled at 18 
10fps. The hyperparameters selected for the CNN-ViT model and the MCViViT model are as follows: 1) 19 
CNN-ViT: the number of patches is 16, the last dimension of the output tensor after the CNN-VIT module 20 
is 64, and the number of LT and ST blocks is 2 and 2, respectively. 2) MCViViT: the last dimension of the 21 
output tensor after the ViViT module is 128, the number of ViViT Transformer blocks is 4, and 3) the 22 
number of heads in the MSA layer is 3. 23 

To evaluate the proposed model’s performance, metrics such as accuracy, precision, recall, and F1 24 
score were used. Each metric can be calculated by the following formula. Among them, TP, TN, FP and 25 
FN refer to the number of true positives, true negatives, false positives and false negatives, respectively. 26 
For multi-classification, macro-averaging rules are required for Precision, Recall, and F1 calculations. 27 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                                                                                       (15) 28 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                                                                                   (16) 29 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                                                                        (17) 30 

𝐹1 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                                                             (18) 31 

 32 
RESULTS 33 

In this section, the driving operational feature, driver’s state features and driving environment 34 
feature extractors of FCW events in trucks are evaluated. Different evaluation metrics, inference time, and 35 
ablation study are employed to analyze the model performance. 36 
 37 
A. Statistical Analysis 38 

A total of 3,519 FCW records were screened over a 180-day period. Several variables such as road 39 
type, front vehicle type and traffic flow density were applied. The classification of traffic flow states is 40 
primarily utilized based on the quantity and velocity of preceding vehicles detected by the forward-mounted 41 
radar in naturalistic driving vehicles (28). Specifically, the low-density is defined as the number of 42 
preceding vehicles fewer than 3 and the speed greater than 60km/h; the medium-density is that the number 43 
of preceding vehicles is 3-5 and the speed is 30 km/h-60 km/h; the high-density is that the number of 44 
preceding vehicles is more than 5 and the speed is less than 30 km/h. 45 
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As shown in TABLE 2, the selected heavy trucks are mostly driving on highways or freeways, 1 
where drivers are more likely to show distraction, and on urban or rural roads, drivers are more likely to 2 
drive aggressively. The alert time of the distracted group mostly occurs in the early morning or night (after 3 
22:00 hours, the group exhibited the highest standard deviation (SD)). Most of the vehicles in front of the 4 
distracted group are also trucks. At this point, the driver's front vision may be obscured, so the driver 5 
remains conservative while driving. When the vehicle in front of the driver is a passenger car, less-6 
obstructed vision can induce drivers’ reliance on his/her driving habits and ignore warning signals. The 7 
absolute values of yaw angle and SD in the distracted group are the smallest, indicating that the driver’s 8 
operation of the steering wheel is weakened at this time, and it is easy to ignore the warning signals at this 9 
time, while the driver’s stress group may maneuver more frequently to try to change lanes, resulting in a 10 
larger steering wheel angle. Based on the above statistics, the following conclusion could be drawn: 1) 11 
Drivers are more likely to be distracted when traffic density is low and vehicle speed is high. Drivers often 12 
avoid frequent acceleration and deceleration maneuvers by maintaining a longer distance from the vehicle 13 
in front, and the driver has a longer reaction time. 2) When driving on urban or rural roads with complex 14 
traffic conditions, drivers react more quickly and adjust their speed more frequently. 15 
 16 

TABLE 2 Statistics of FCW record data characteristics 17 
 18 

Variable 
Distraction  Normal  Driver stress 

Avg1 SD2 Avg SD Avg SD 

Warning time(0-23h) 8.50 6.77 13.69 4.59 13.86 5.36 

Reaction time(s) 2.14 0.49 1.16 0.74 0.86 0.37 

Speed(km/h) 57.34 14.25 54.27 14.76 51.65 12.73 

Acceleration(m/s2) -0.11 0.18 -0.13 0.23 -0.21 0.16 

Yaw angle(rad/s) -0.20 1.98 0.06 2.28 -0.25 2.52 

Relative distance(m) 11.63 4.50 9.64 5.86 8.77 4.35 

Relative speed(m/s) 0.34 0.33 0.38 0.46 0.56 0.26 

Variable Type Count Pro3（%） Count Pro（%） Count Pro（%） 

Road type 

1(Highway) 312 52.0% 915 46.9% 423 43.8% 

2(Urban road) 207 34.5% 585 29.9% 348 36.0% 

3(Rural road) 81 13.5% 453 23.2% 195 20.2% 

Front 

vehicle 

type 

1(Passenger 

car) 

206 34.3% 955 48.9% 570 59.0% 

2(Truck) 394 65.7% 998 51.1% 396 41.0% 

Traffic 

density 

1(Low) 321 53.5% 795 40.7% 165 17.1% 

2(Middle) 213 35.5% 792 40.6% 348 36.0% 

3(High) 66 11.0% 366 18.7% 453 46.9% 
1Avg: average; 2SD: standard deviation ;3Pro: proportion 19 
 20 
B. Driver activity level  21 

In the preliminary analysis, eight variables (e.g., reaction time, average speed/acceleration) were 22 
associated with the driving activity level. Principal component analysis (PCA) was used to extract features 23 
from highly correlated variables, and k-means++ was used to cluster the extracted principal components. 24 
First, KMO test and Bartlett sphere test were carried out to prove that conditions of PCA. As shown in 25 
TABLE 3, the first four principal components explain 83.4 % of the total variance, indicating that these 26 
components can represent most of the original data information and play a role in dimensionality reduction. 27 
Therefore, four principal components  𝐶𝑜𝑚i ∈1,2,3,4 were extracted as  𝐹1, 𝐹2, 𝐹3, 𝐹4 , respectively. The 28 
coefficients of each index can be solved according to the principal component score and the component 29 
matrix coefficient, and the principal component coefficient matrix was obtained. From the perspective of 30 
the coefficient values, 𝐹1  is mainly positively correlated with the average/maximum acceleration. 𝐹2 is 31 
positively correlated with spacing, negatively correlated with yaw angle. 𝐹3 is positively correlated with 32 
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the road type and reaction time, and negatively with the vehicle speed. 𝐹4 is positively correlated with traffic 1 
density and acceleration. In order to make a more accurate assessment of driving activity, 𝐹1, 𝐹2, 𝐹3, 𝐹4 2 
obtained by the above PCA are selected as indicators, and K-means++ is utilized for clustering. The elbow 3 
method helps to determine the optimal number of clusters (FIGURE 8(a)). 4 

Based on the elbow curve, driver activity could be divided into three levels: low-activity, normal-5 
activity, and high-activity. As shown in the statistical box plot of each class (FIGURE 8(b)), 𝐹1and 𝐹3 6 
value distributions in cluster1 are the lowest, however, mean of 𝐹2 is highest with this cluster. Drivers tend 7 
to maintain a long front gap to prevent sudden violent deceleration, and driver's control behavior of the 8 
steering wheel is weakened, indicating that the driver is usually in a driving environment with fewer 9 
surrounding vehicles, and has a longer reaction time at this time, so this cluster1 could be seen as the ‘low-10 
activity group’. Similarly, cluster2 and cluster3 can be regarded as ‘normal-activity level’ and ‘high-activity 11 
level’, respectively. The statistical values in the box plot provide a categorical indication that the actual 12 
velocity, acceleration, and other values in the warning segment will be dynamic within and between classes. 13 
On the basis of identifying driver activity labels, the proposed MMANN model can be trained to achieve 14 
efficient recognition of different driver activity levels through multi-modal input features. 15 
 16 

TABLE 3 Driving activity variance interpretation and component matrix 17 
 18 

Component 
Initial eigenvalue Principal component score 

Primitive variable 
Eig1 Pro2 Cum3 F1 F2 F3 F4 

Com1 2.283 0.295 0.295 -0.171 0.140 0.504 0.147 Road type 

Com2 1.806 0.226 0.521 0.276 0.529 0.143 0.115 Relative distance 

Com3 1.429 0.177 0.698 0.244 -0.382 0.137 0.104 Mean yaw angle 

Com4 1.066 0.136 0.834 0.671 -0.279 -0.084 0.334 Mean acceleration 

Com5 0.502 0.059 0.893 0.787 -0.348 -0.035 0.411 Max acceleration 

Com6 0.408 0.048 0.941 0.241 0.098 -0.458 -0.156 Mean speed 

Com7 0.334 0.040 0.981 -0.224 0.175 -0.217 0.607 Traffic density 

Com8 0.155 0.019 1 0.211 -0.096 0.281 -0.488 Reaction time 
1Eigenvalue ;2Proportion;3Cumulation 19 
 20 

       21 
(a)                                                                                (b) 22 

 23 
FIGURE 8 Driver activity level classification (a) elbow rule (b) classification results (values are 24 
normalized). 25 
 26 
C. Model Performance 27 

FIGURE 9 depicts the loss and accuracy curves for both the training and validation sets across 28 
epochs. The model's performance on the training set continues to improve, while the validation set 29 
performance plateaus after approximately 60 epochs. To mitigate the risk of overfitting and enhance the 30 
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model's generalization capability, an early stopping mechanism is implemented. This mechanism halts 1 
training when the validation error increases consecutively for 10 epochs. FIGURE 10 presents a confusion 2 
matrix based on the test set, which provides insights into the model's predictive accuracy for different 3 
activity levels. The precision scores for low, high, and normal activity levels are 0.867, 0.838, and 0.796, 4 
respectively. The model excels in differentiating between the distracted state and the stress-driven state. 5 
Consequently, the model can effectively identify the abnormal driving states of drivers. 6 

 7 

 8 
FIGURE 9 MMANN model training and validation loss and accuracy variation over epochs 9 

 10 

 11 
FIGURE 10 Confusion matrix of MMANN model on testing set 12 

 13 
In real-time applications, computer vision systems in ADAS applications require at least 10 FPS 14 

(frames per second) (29). To evaluate performance, the timing of each scene was measured, simulating the 15 
continuous processing of the real world on an extended sequence without interruption to reduce 16 
inaccuracies and overhead due to timing functions and data transfers. The average time per frame and FPS 17 
are as shown in FIGURE 11. In terms of scalability, these models are designed to process video clips of 18 
the driving environment 5 seconds before a warning is issued to perform driver activity estimates. In 19 
deployment, the model will use a fixed window corresponding to the length of the test video to ensure real-20 
time performance. 21 
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 1 
FIGURE 11 Model real-time operation. (Time: average time to process one frame; MMNN: model 2 
without OvT attention layer; w/o: without.) 3 
 4 
D. Model Comparison 5 

A group of learning-based models used for sequence data such as DTW-KNN (30), LSTM (31), 6 
TCN (32), and FCN (33), is employed for comparison. The driving behavior matrix, which consists of the 7 
speed, acceleration and spacing of the main vehicle in the 5s before warning, is used as the input of each 8 
model. FIGURE 12 shows a performance comparison on various single and multimodal models in terms 9 
of Accuracy, Precision, Recall and F1 Score.  10 

The multimodal model demonstrates superior performance compared to single-modal models. The 11 
results indicate that the proposed MMANN model surpasses other baseline models across all evaluation 12 
metrics. The driver's facial image effectively captures the distribution of the driver's synchronous attention, 13 
while the driving environment video indirectly reflects the driver's cognitive load at any given moment. 14 
The MMANN model validates the effectiveness and feasibility of multimodal data fusion for identifying 15 
driver activities. 16 

DTW-KNN exhibits the least performance, highlighting the advantages of machine learning in 17 
handling complex and high-dimensional time series data. Among the models, FCN and LSTM-FCN yield 18 
promising results, indicating that convolutional networks have potential in time series data analysis and 19 
modeling. This underscores the capability of the MMANN model to leverage multimodal inputs for robust 20 
driver activity recognition. 21 

 22 
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FIGURE 12 Performance of multimodal model and benchmark models. 1 
 2 

E. Ablation Study 3 
An ablation study involves removing certain components of the network to better understand its 4 

behavior and causality. In this experiment, vehicle dynamics were taken as the baseline data, and the driver's 5 
state feature extraction module, driving environment feature extraction module and multimodal attention 6 
module were tested in ablation to determine the significance of specific network components. Without the 7 
inter-modal OvT Attention module, the feature representations extracted from these three modalities are 8 
directly concatenated and fed into the MLP for classification. This implies that the importance of the 9 
features extracted from each modality is considered uniform (the impact on driver state recognition). The 10 
results for these 7 models are shown in TABLE 4. 11 

Overall, the MMANN model outperforms the six ablation models in terms of accuracy, precision, 12 
recall, and F1 score, confirming the necessity of multi-source data fusion. The results indicate that the 13 
driving environment and the driver’s state characteristics are effective supplement to the driver’s activity 14 
recognition. In a single-mode, the driver's operational data excels in recognizing the driver’s activities, 15 
while the recognition reflected in video features and images of the driver’s face is often less optimal. 16 
Multimodal fusion significantly improves the accuracy of driver activity recognition. 17 

 18 
Table 4 Results of Ablation Study  19 

Model Accuracy Recall Precision F1-score 

MMANN 0.8236 0.8326 0.8203 0.8253 

w/o OvT Attention 0.8117 0.8166 0.8127 0.8144 

w/o ConViT 0.7957 0.7925 0.7928 0.7926 

w/o MCViViT  0.7787 0.7796 0.7896 0.7836 

 AT-BiGRU 0.7375 0.7238 0.7051 0.7138 

MCViViT 0.6336 0.6309 0.6430 0.6357 

ConViT 0.5769 0.5710 0.5322 0.5253 

(w/o: without) 20 
 21 
Given that driver activity is a complex physiological phenomenon, constructing a robust driver 22 

activity recognition model using unimodal data is challenging. Facial images mainly reflect the general 23 
level of concentration during the driving process, but do not provide insights into the specific processing of 24 
the driver’s driving environment information, or confirm whether the driver pays enough attention. 25 
Although the front video of the driving environment offers a clear understanding of the surroundings, it 26 
does not reveal the driver's internal state while processing this information. In addition, driving operation 27 
data is objective, but multi-dimensional data is necessary for accurate identification.  28 

The fusion of information from different modalities can provide valuable information for 29 
comprehensively evaluating driver activities, indicating that multimodal fusion better simulates the 30 
unconscious behaviors and cognitive states of drivers in various driving scenarios. This multimodal 31 
approach enriches the data representation, leading to more accurate and reliable activity recognition. 32 

 33 
DISCUSSION 34 

The 'black-box' nature of deep learning models leads to drivers distrusting their ability to evaluate 35 
driving cognitive states. To explore the interpretability of the model, this paper attempts to visualize and 36 
analyze different feature extraction modules. For example, for the feature extraction module of driving 37 
manipulation behavior, the data outcomes of the attention mechanism are visualized.  38 

As shown in FIGURE 13, the longitudinal axis represents the average attention value, showcasing 39 
the manipulation behavior feature vector of drivers across different driving activity levels on a single time 40 



17 
 

step. Temporal attention distribution of the input features is uneven, exhibiting a clear bimodal phenomenon, 1 
where the attention weight at the end of the evaluation time window is not the highest. Moreover, the closer 2 
the bimodal distribution of attention weight is to the boundary of the evaluation window, the less redundant 3 
timing information is introduced by the model, indicating that a 5-second time window length is more 4 
reasonable. From the perspective of the change rule of driving state, the driver's complex cognitive state 5 
will be evaluated by multiple perceptions of the external traffic environment, rather than a single perception. 6 

 7 

 8 
FIGURE 13 Temporal Attention Distribution of Driving Manipulation Feature 9 

 10 
For the driver's facial features and driving environment feature extraction module, Gradient-11 

weighted Class Activation Mapping (Grad-CAM) (34) is used, which can use the average gradient of the 12 
target layer to highlight important areas, and achieve visualization of the deep learning network recognition 13 
process through heatmaps.  14 

FIGURES 14 and 15 display the feature map of the last convolutional layer before the pooling 15 
layer of each feature extraction module. Different modules focus on different types of significant 16 
information, including the driver's face, the type and quantity of the front car, the lane where the car is 17 
located and the ground signs on the lane. This focus aligns closely with intuitive human judgment, 18 
demonstrating that the model possesses the ability to learn valuable information.  19 

For example, when evaluating the front video of a high activity group driving, the area of concern 20 
is larger and evolves over time. Initially, the model focuses on scattered vehicle information. As the subject 21 
vehicle approaches the front vehicle, the model increasingly focuses on the distance to the front vehicle. 22 
This change in focus is consistent with human driving, where vehicles are controlled according to the type 23 
of the front vehicle and the distance between them while following. This analysis underscores the model's 24 
capability to adapt its attention in a manner that reflects human-like cognitive processes. 25 

 26 
 27 

FIGURE 14 Visualization of Driver Facial Feature 28 
 29 
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 1 
FIGURE 15 Visualization of Driving Environment Feature 2 

 3 
CONCLUSIONS 4 

The objective of this paper is to devise a multimodal feature learning method for the real-time 5 
analysis of drivers’ cognitive states. This study aims to identify whether drivers in intelligent vehicles 6 
exhibit cognitive deficit or heightened concentration, due to stronger cognitive ability or a lack of trust in 7 
ADAS. To this end, a novel driver cognitive state estimation framework is developed through multimodal 8 
fusion (MMANN). The effectiveness of this framework is rigorously validated using a naturalistic heavy 9 
truck driving dataset, which spans 180 days and encompasses a wide array of road types and traffic 10 
conditions. 11 

Through observational analysis of truck drivers during Forward Collision Warning (FCW) events, 12 
the cognitive state of drivers can be categorized into three distinct levels: low activity, normal activity, and 13 
high activity. Drivers exhibiting low activity frequently experience monotony and distraction, 14 
demonstrating reduced sensitivity to external stimuli and exhibiting longer reaction times (Mean = 2.14s, 15 
SD = 0.49). Conversely, highly active drivers are susceptible to stress or overconfidence, often neglecting 16 
certain environmental cues and engaging in aggressive driving behaviors. Comparative analysis with the 17 
benchmark models and ablation experiments reveals that reliance on unimodal data is insufficient for 18 
constructing a robust driver activity evaluation framework. The integration of diverse modal information 19 
significantly enhances recognition accuracy, furnishes more comprehensive insights for evaluating driver 20 
activities, and underscores the efficacy of multimodal learning approaches.  21 

It is foreseeable that multimodal fusion can effectively simulate the unconscious behavior and 22 
cognitive states of the driver in various driving scenarios. Additionally, employing a multi-level attention 23 
mechanism allows for the highlighting of crucial moments and key module feature information while 24 
reducing the computational complexity of the whole network. These findings have important implications 25 
for enhancing driver safety and improving ADAS performance.  26 

Recommended future work could explore different fusion schemes, as well as the evolutionary 27 
mechanisms of driver activity and its multimodal characteristics. This could involve investigating 28 
alternative methods for integrating multimodal data, understanding how driver behaviors and cognitive 29 
states evolve over time, and identifying new multimodal features that could further improve the accuracy 30 
and reliability of driver state recognition systems. Such research could pave the way for even more 31 
advanced and effective ADAS technologies, contributing to safer and more efficient driving experiences. 32 
 33 
 34 
 35 
 36 
 37 
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摘要：驾驶行为异常识别包含如何定义异常驾驶，精准识别异常行为，及合理解释识别结果与相应行为机理三个层次。本

文首先围绕异常行为预警这一核心目的，对异常识别与预测的研究进展进行梳理，重点关注基于驾驶员意图和状态的异常

行为识别、自主驾驶环境下多源数据驱动的概率统计、神经网络、深度学习异常识别及预测方法等，分析各种技术路径的

优缺点及面临的挑战和发展方向。同时，本文提出一种基于神经网络-深度学习的复合无监督学习模型，并聚焦车辆换道事

件，从车辆换道特征指标中挖掘显性和隐性异常行为进行模式识别。基于轨迹大数据换道样本开展实例分析，结果表明不

同驾驶员驾驶状态异常率分布及车辆角速度、车头间距等特征呈现异质性。此外，无监督属性的注意力机制复合模型无需

先验知识和阈值，具备良好鲁棒性和自学习能力，为自主驾驶环境下准确快速识别异常驾驶行为研究提供新思路。 

 

关键词： 交通工程；智车系统；驾驶状态辨识；异常识别；注意力机制 
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Anomalous Driving State Recognition: State-of-the-art overview, methods, and case studies 

 
Abstract: Anomalous driving behavior recognition includes three levels: definition, identification, and explanations. This paper 

reviews the research progress of anomalous behavior recognition and prediction, with the focus on recognition methods based on driver 

intentions and states, probability statistics driven by multi-source data in autonomous driving environments, neural networks, deep 

learning anomaly recognition and prediction methods, and analyzes the advantages or disadvantages. Then the study proposes a hybrid 

unsupervised deep learning model on lane changing events, mining explicit and implicit abnormal behavior patterns. Based on 

trajectory datasets, experimental analysis was conducted, and the results showed heterogeneity in the distribution of anomalous driving 

states among drivers, as well as characteristics such as vehicle angular velocity and headway. In addition, the hybrid unsupervised 

attention mechanism model does not require prior knowledge and thresholds, and shows good robustness and self-learning ability, 

providing ideas for accurately and efficiently identifying anomalous driving behavior in autonomous driving environments. 

Key words: transportation engineering; state recognition; anomaly; attention mechanism; 

 

1. 异常驾驶行为识别研究 

驾驶行为是驾驶员在多变交通环境中，结合自身状态对车辆进行操纵的表征，具有复杂性和不确定

性。目前，智车系统如何精准高效识别异常驾驶行为仍是一项极具挑战的工作
[1]
。本节主要从行为驱动和

数据驱动的角度对异常行为识别方法进行综述，讨论异常驾驶行为识别研究存在的主要挑战及发展方向。 
1.1  行为驱动的异常驾驶行为识别 

1.1.1 驾驶员意图识别研究   

早期研究主要从驾驶员生理和心理指标分析驾驶意图和驾驶状态，如 Bonchek-Dokow[2]
基于心理学理

论构建的识别模型分为意图检测和意图预测：前者是基于对意图的度量，后者是将不完整的动作行为延
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伸到其预期目标的能力
[14]

。驾驶人意图可理解为控制车辆未来运动过程的规划
[3]
，从而能够辨别一个动作

行为是否有潜在意图，如关注换道
[4]
、超车

[5]
、制动

[6]
等行为的驾驶意图检测。基于对意图的度量，意图

预测能对驾驶员的潜在驾驶意图进行判别和分析，且能精细判别行驶环境
[15-16]

。 

学者基于人机交互过程，通过人类姿态、生理信号、交互作用力等指标推断人类意图，并尝试将意

图信号输出给规划和控制策略
[17-19]

。如使用参数化心率变异率（HRV, Heart Rate Variability)分析方法

表征驾驶员当前压力水平，并利用道路正动能、平曲线半径等特征来推算驾驶员压力水平如何演变
[24]

。

此外，驾驶员社会性特征被认为是驾驶员有效感知环境和驾驶安全的关键因素
[25-26]

，而对驾驶人的异常状

态识别也受到较高关注，如疲劳
[7]
、分心

[8]
、激进

[9]
等状态类型。一项基于驾驶焦虑的研究结果表明，焦

虑受试者的路怒症程度更高，并伴随高水平的驾驶回避现象和消极驾驶行为
[27]

。不同驾驶风格类型和驾

驶状态驾驶员的警觉性和操控能力都存在一定差异
[10-13]

。但是这类实验往往存在数据采集成本高、特征维

度单一、检测设备对自然驾驶状态具有干扰性等不足。 

1.1.2 智车环境下意图识别研究 

近年来学者分别针对智联驾驶环境下驾驶策略层意图、战术层意图、操作层意图开展研究（见图 1）。

策略层可以理解为行程路径的总体规划，持续时间较长,且提供实时天气、道路环境信息，对安全驾驶和

合理路径规划至关重要
[24]

。战术层需根据周围驾驶环境做出短期行为决策，常见行为包括换道、超车、

转向、制动等
[25,26,27]

。操作层可理解为驾驶意图的体现过程，研究主要集中于驾驶风格辨别和异常行为识

别，如 Chen 等
[28]

基于驾驶员异质性提出了一种图形化建模方法来直接描述驾驶员行为特征；Sun 等
[29]

基

于网联车真实数据，利用指数加权移动平均算法与累积和图(Cumulative Sum charts,CUSUM)提出了在线

监测驾驶员状态方案以及时提供分心驾驶警告。 

 

 
图 1 驾驶员意图分类[30] 

Fig.1 Driver’s Intention Classifications 
 

服务于自主驾驶的意图识别系统需要多个模块（交通与路权感知模块、载具运动测量模块、行为和

生理信号模块等）协同工作。当前，大多数研究主要采用机器学习方法来进行驾驶员意图识别
[31,32,33]

，算

法主要包括规则模型、深度学习、半监督学习和在线学习、生成模型等。监督学习利用标注数据集挖掘

交互耦合关系、驾驶风格等隐式信息，其中，生成式模型相较判别式模型对多意图推理任务更为有效
[34,35,36]

。在此基础上，Yang等
[37]

提出了主车驾驶员意图推断框架，其将环境感知视为意图刺激，驾驶员行

为和车辆运动是对刺激的响应。此外，学者指出意图识别模型性能评价应以模型精度和预测时域为主要

指标。在数据源方面，目前多采用非网联环境下的自感知数据作为输入，仅有少量研究利用网联数据进

行意图识别探索
[38，39]

，网联环境如何影响驾驶意图仍需研究，且缺乏基于多源多维异构信息开发的意图

识别模型。 



 
1.2 数据驱动的异常驾驶行为识别 

智能网联和传感技术的迅速发展支持数据驱动异常驾驶行为识别研究的深入发展。本节主要分概率

统计、神经网络、深度学习三类算法概述。 

1.2.1 概率统计方法 

研究者主要采用的统计分析方法见表 1。此外，通过融合不同方法能提高识别精度，如 Zhang 等
[40]

基

于博弈论建立了 GMM - HMM车辆行为识别模型；Li等
[41]

提出了一种结合 HMM和 BF算法来识别驾驶员换道

意图，其在 HMM 的当前和历史输出的基础上使用 BF 输出最终驾驶行为分类，较单纯 HMM 算法有了显著提

高。 

表 1 驾驶行为研究常用算法介绍 

Tab.1 An Introduction of Driving Behavior Algorithms 

 

异常轨迹通常是指在距离度量方面(如路线和行程时间)与数据库中其他轨迹显著不同的部分或全部

轨迹
[46]

。一般利用聚类或频繁模式挖掘方法，如果轨迹不能归在任何簇内或者不频繁，则具备较大概率

被视为异常轨迹
[47]

。因此，识别异常轨迹的关键技术在于轨迹相似性度量与聚类。 

针对车辆轨迹时间序列属性产生了一系列相似度描述方式。Faloutsos 等
[48]

阐述了一种在时序数据上

进行相似性搜索的通用框架，之后 SVD(Singular Value Decomposition）
[49]

、DWT(Discrete Wavelet 

Transformation)
[50]

 、切比雪夫多项式
[51]

等时间序列降维方法被先后提出，这些方法都能有效避免误判。

在轨迹异常检测方面，Sanjay 等
[53]

提出了两步式挖掘和 L1 优化来以数据推断道路交通中出现异常的根本

原因。Mao 等
[54]

根据特征差异，划分了两种异常轨迹类型（局部异常轨迹片段和异常移动对象），并结合

一种新数据结构（Ally Fragment )来有效地检测连续轨迹流的两类异常。 

目前,在轨迹数据异常检测方面已经开展了深入研究,但由于轨迹数据的稀疏性、时变演化性和偏态

分布等特征，面向智车系统轨迹数据实时异常检测的研究相对较少
[72,73]

。Bu 等
[72]

利用轨迹局部连续性特

征在轨迹流上构建局部簇，并通过高效剪枝策略来实时检测异常轨迹，实现了数量级性能提升。此外，

发现正常轨迹和高效的在线检测是两个主要挑战，解决思路之一是利用机器学习算法来捕获轨迹中包含

的复杂序列信息，并通过高效轨迹生成来支持轨迹实时检测
[74]

。 

1.2.2 神经网络 

利用激光雷达、摄像头、高精度 GPS等智能设备采集高精度行驶数据，再结合神经网络相关算法对进

常用方法 主要功能 特点 相关文献 
隐马尔可夫 

（Hidden Markov Model,HMM) 
 

预测 状态条件分布只依赖于当前状况， 
需进行一定理想化假设 

[42,122,123,124,125] 

高斯混合模型 
(Gaussian Mixture Model,GMM) 

 
分类 算法速度快， 

但易受数据结构影响 
[40,44,133] 

贝叶斯滤波 
(Bayesian Filtering,BF) 

 
分类 可适应不同类型非线性系统， 

简单高效 [43,126,127,128] 

卡尔曼滤波 
(Kalman Filtering，KF) 预测 线性无偏，但依赖原始数据质量 [45,129,130] 

差分自回归移动平均

（Autoregressive Integrated Moving 
Average Model,ARIMA） 

预测 无需借助外生变量， 
模型复杂度低 

[131,132,133,134] 



行数据挖掘和模式分析。智能车辆传感器可获取车辆运行状态，如激光雷达、摄像头、CAN 总线及嵌入在

智能设备中的传感器。基于智能手机数据，Bergasa 等
[55]

开发了一款检测驾驶员疏忽驾驶行为并给予相应

反馈的应用程序；Ma 等
[57]

提出了一种长短期记忆-残差算法来实时检测异常驾驶行为，并采集 4 种典型异

常驾驶动作（急加速、急制动、急转弯和急变道）的车辆数据对算法有效性进行验证。但是，智能设备

采集频率较低且没有足够的驾驶环境感知能力，设备放置姿态对信息精确程度有显著影响。 

时空环境下，综合使用多类型智能传感器对一个或多个移动对象（车辆，轮船，人等）采集所获得

的数据信息称为轨迹大数据
[58]

，该类数据包含了时间戳、地理坐标、对象类型、速度等信息，给人们带

来了海量信息，同时也为驾驶行为研究提供了新的着力点。通常，异常轨迹可视为异常驾驶行为的一致

性有效外显，利用轨迹数据来识别异常驾驶行为的关键在于：异常轨迹数据的识别和轨迹预测。异常轨

迹识别能为之后的轨迹预测圈定数据范围，而轨迹预测能补全轨迹，提高识别精度，两者之间相辅相成
[47]

。 

在异常轨迹识别方面，常通过聚类算法来发现异常驾驶事件，主流研究方法见表 2。在此研究基础上，

一些算法的变体也先后被提出用于挖掘轨迹序列特征，实现异常驾驶行为检测
[59,60]

。Mirco 和 Dino
[61]

在

OPTICS 算法基础上将对象间距的空间概念推广到轨迹之间距离的时空概念，采用了一种基于时间聚焦

（T-OPTICS）轨迹聚类方法，旨在利用时间维度的内在特性来提高轨迹聚类质量。在轨迹预测方面，当

前研究方法大多基于马尔科夫链或其他改良模型
[62,63,64]

，或是基于历史轨迹的查询补充，如文献
[65]

扩展了

马尔科夫链(Mobility Markov Chain，MMC)模型，研究人员使用前 n个位置数据提出了一种位置预测算法

n - MMC，在 3个真实数据集上的效率评估表明，当 n = 2时，对下一个位置的预测精度在 70% ~95%之间。 

表 2 不同类型的聚类算法 

Tab.2 Different Types of Clustering Algorithms 

 

在实际交通系统中，异常驾驶行为不常发生，且普遍低采样频率，导致收集到的数据十分稀疏。为

解决此问题，Jianming 等
[80]

融合了多个局部卷积层对轨迹数据进行增强补偿，其提出将轨迹从不同角度

建模为二维图像的预测算法 T - CONV，并用多层卷积神经网络提取多尺度二维轨迹特征实现精确预测，

结果表明轨迹起始点和终点位置附近对目的地的预测有明显影响。Chiang 等
[81]

在时间约束移动图上提出

了一个基于可达性的模型(Reachability-based prediction model on Time-constrained Mobility Graph，

RTMG)来预测候选位置。研究者设计了一种自适应时间探索方法来提取时间上接近给定查询时间的有效支

持轨迹，且根据 RTMG选取可达概率最大的侯选位置作为预测结果，大量真实数据验证了 RTMG的有效性和

高效性。 

1.2.3 深度学习 

由于驾驶行为具有不确定性、动态性和多交互性质，传统特征提取方式不能全面地获取信息，而深

度学习由人工神经网络演变而来，对行驶数据特征的学习更加准确，泛化能力强，弥补了概率统计方法

识别精度不高的缺点。 

在深度学习中，作为基础网络结构的多层感知机（Multi-Layer Perception，MLP）被广泛应用于驾

分类 常见算法 主要特点 相关文献 

基于密度 
 DBSCAN、OPTICS 在给定范围中包含的数据点 [61,73,74,75] 

基于距离 R-Tree、TRAOD 与大多数轨迹具有较远距离的轨迹视为

异常 
[66,67,68,69] 

基于分类 
 K-Means、K-Medoids、EM 将对象集合划分为聚类簇 [70,71,72] 

基于网格 STING、CLIQUE 将空间划分为有限数量单元 [76,77,78,79] 



驶行为研究领域中，文献
[82,83,84]

分别利用 MLP 实现交通环境的感知、交通流量的预测以及三维目标检测。

在混合交通条件下，可利用 MLP量化分析行人行为特征，并将其融合到驾驶决策中以根据不同行人特征进

行差异化决策，提升道路通行能力和通行效率
[85]

。 

相较于 MLP,堆叠编码器（Stacked Autoencoder，SAE）能够降低数据维度并提取潜在的数据特征，

且对含噪数据保持较高的准确性和鲁棒性
[86]

。Guo 等
[87]

提出了一个混合无监督深度学习模型来研究危险驾

驶行为，其结合了自动编码器和自组织映射（Self-Organizing Map，SOM）两种降维技术，对较高风险相

关的各种驾驶模式进行分类和聚类。实验结果表明，通过自动编码器反向传播对非线性多模态降维有效，

且模型学习到的驾驶行为特征和聚类结果是可解释的。 

当前，深度学习模型发展进化呈现出以下趋势：模型深度增加
[88]

，结构越来越复杂
[89]

，模型中孤立

路径
[90]

的数量也大幅增加。一些常用深度学习方法被运用到驾驶行为识别和预测当中:递归神经网络

（Recurrent Neural Network,RNN)在处理时间序列上具有优势，能有效识别异常驾驶行为
[57,91]

；卷积神

经网络(Convolutional Neural Network, CNN)能很好地处理高维数据，一些经典模型如 DenseNet
[92]

、

GoogleNet、ResNet
[93]

由此结构演变而来。受 DenseNet 启发，Huang 等
[88]

引入了三种深度学习融合模型，

并将模型宽度显著增加来全面描述时间和空间潜在信息，首次实现了基于视频的异常驾驶行为检测。 

车联网交通背景环境下，视距范围内的不同交通主体行为逻辑存在显著差异，低时延、高精度的驾

驶行为识别和预测算法会间接影响交通系统的安全性、稳定性和舒适性。主流研究方法总结见表 3，物理

学模型方法主要考虑载具底层运动信息，后两者方法则主要考虑上层运动信息和历史运动数据。其中数

据驱动的轨迹预测方法如强化学习、迁移学习等，可实现长时域内的车辆行为预测
[94]

，逐渐成为主流技

术，如 Uber 的 Lane RCNN、Google 的 Vector net、Waymo 的 TNT、Aptive 的 Covernet、MIT 的 Social 

LSTM 等
[95,96,97,98,99]

。此外，基于混合模型的驾驶行为识别方法通过融合不同方法的优点可以提高识别精度

和拓展预测时域，如文献
[100,101]

分别将基于规则的方法与机器学习融合、将分子动力学理论与深度强化学

习融合来研究车辆换道决策问题。 

表 3 驾驶行为识别和预测研究方法 

 Tab.3 Methods of Driving Behavior Recognition and Prediction 

 

在真实驾驶环境中，交互对象行为不确定性、环境感知不确定性、车辆模型及其行车环境的不确定

性都会直接影响识别与预测算法的有效性，进而降低模型精度。随着载运系统自主化水平和网联程度逐

步提升，意图识别和行为预测系统要求更高的可靠性、可解释性、实时性，以下三个方向值得重点突破： 

1）海量行为数据的不确定性与数据在时间和空间两个维度上的演变模式紧密相关，传统的不确定性

度量无法胜任。因此，探究可以同时给出预测结果和不确定性度量的时空序列预测算法值得研究。 
2）基于深度学习的行为预测算法虽然可以从感知信息中学习到数据蕴含模式，但缺乏因果推断能力，

影响了其在数据分布偏移、干预情况下的态势预测能力。将因果科学与深度学习结合也是推进多模感知

数据预测模型落地应用的重要方向。 
3）探索在跨域应用场景下将预测模型与实时混行交通环境对接，实现流式模型训练是提高实时预测

能力和可拓展能力的重要课题。 

研究分类 常用方法 相关文献 优点 缺点 

物理学模型 车辆动力学 [103,104] 精度较高 需进行一定的理想化假设 

行为驱动 意图检测 
意图预测 

[5,6,7,9,10] 
[16,17,18,19] 结构清晰，方法多元化 针对单一的意图识别场景 

数据驱动 

概率统计模型 
神经网络 
深度学习 
混合模型 

[105,106,107,108] 
[59,60,110,111] 
[88,89,90,112] 

[87,100,101,102] 

模型可解释性强，应用广泛 
自适应能力好 
泛化能力强 

精度高，实时性强 

参数设置复杂，易受结构影响 
收敛速度较慢 
可解释性较弱 

模型较复杂，训练时间长 



在此背景下，本文有三个主要目标：1）通过进行简明而深入的概述，以确定各种技术路径的优缺点，

并为未来的研究制定可行的路线图；2）设计一种无监督个性化异常换道行为识别模型，避免主观设定异

常阈值和模型训练数据标签的问题。综合使用非参数核密度估计（Kernel Density Estimation，KDE）和

注意力机制，深入分析异常换道行为和正常换道行为的时空特征差异，增进深度学习模型的可解释性。

2 研究方法

基于时空轨迹数据的异常行为识别与轨迹预测通过挖掘目标历史位置信息和行为习惯，

计算目标未来的位置信息和行为动态并加以对比，可以预警潜在的风险要素、提升交通态势

的感知能力。传统方法难于从复杂历史数据中学习到轨迹结构特征和驾驶行为特征。本文基

于深度学习复合模型融合不同方法的优点，并引入注意力机制提升特征显著性，构建一种驾

驶行为异常识别个性化模型。

虽然驾驶状态呈多样性，为了增强模型泛化性，本文将驾驶状态集设定为{正常，异常}，
转化为无监督二分类问题进行建模。参考相关研究[2,12,13]及前序研究，如表 1所示选择 8项换

道特征 ξ [𝑣𝑣, ω ,𝑣𝑣rt ]作为时序输入。, 𝑎𝑎x , 𝑎𝑎 y , ,d ,d ,𝑣𝑣𝑍𝑍 o t 𝑟𝑟 o

表 1 输入特征

Tab.1 Parameter Descriptions
单位符号 类型 相关参数解释

-

m·s 1v
degree·s-1ωz

-

g·m·s 2

-

g·m·s 2
a 

a 

d

x 

y 

o

自身特征

自身特征

自身特征

自身特征

交互型

交互型

交互型

交互型

本车速度

本车角速度 (向左: 负; 向右: 正值)
本车纵向加速度

本车横向加速度

与初始车道上前车形成的车头间距

与目标车道上前车形成的车头间距

与初始车道上前车形成的速度差

与目标车道上前车形成的速度差

m 

mdt

-

m·s 1v 

v
ro 

rt

-

m·s 1

 

2.1 注意力机制方法

针对个体驾驶员换道行为构建一种基于神经网络-深度学习的复合无监督学习模型，包括

换道行为异常概率计算模型、异常概率量化指标及阈值划分准则（如图 2）。门控循环单元

组成的时序自动编码机（Attention-based Gated Recurrent Unit Autoencoder（AT-GRU））数

据重构模块以单个驾驶员在换道时间窗内的自身轨迹特征和周边车辆的交互信息作为输入，

叠加基于孤立森林（IForest）的异常行为识别模块共同工作。其中，AT-GRU 从时序换道数

据重构过程中提炼原始输入的低维潜特征表达与嵌入式系统特征；IForest 则利用该潜特征输

入进行递归划分训练；基于个性化的换道异常概率分数和修正的Tukey’s test准则选择合理的

分数阈值进行异常行为研判。不同于常见的集计类模型学习群体特征，此复合模型关注不同

驾驶员的驾驶状态空间和反应特性偏好异质性，并可在小方差标准下进一步降低拟合偏差，

有效避免出现偏差-方差窘境。



 
图 2 个性化异常换道行为研判框架  

Fig. 2 The Framework for Anomalous Lane-changing Behaviors  
 

2.1.1 重构模块 

AT-GRU 自动编码机是一种无监督全对称的 seq2seq 神经网络，各神经网络层的输入或输

出张量维度如图 2 所示。T 为时间步长，N 为单个驾驶员换道行为输入样本量。训练阶段的

编码器把输入换道行为时序数据非线性映射到低维空间，同时解码器则将低维潜特征尽可能

无损地恢复到原维度。利用梯度反向传播算法实现最小化重构误差，一旦达到收敛，编码机

能够捕捉到换道特征向量的低维表征。AT-GRU 综合轨迹结构特征和驾驶行为特征学习，并

可衍生相应行为风格（如驾驶员换道风格画像）。模型表达式如下： 

𝑚𝑚𝑚𝑚𝑚𝑚∑ ∑ �𝑥𝑥𝑡𝑡𝑖𝑖 ,𝑔𝑔𝜃𝜃(𝑓𝑓𝜙𝜙(𝑥𝑥𝑡𝑡𝑖𝑖))�𝑚𝑚
𝑖𝑖=1

𝑘𝑘
𝑡𝑡=1                                       (1) 

式中：fφ和 gθ 分别代表编码器和解码器的复杂映射函数，|| || 是均方误差损失函数，t 是时间

步，k 为换道序列长度，m 为数据维度。 
作为循环神经网络的变体，GRU 网络层具备强大的信息挖掘和自学习能力，更有效地学

习换道行为时序数据内在关联依赖；从而有效避免梯度爆炸和梯度弥散。GRU 内部结构为

两个相互协调控制信息流的门：重置门（reset gate）与更新门(update gate)；前者控制前一时

间步状态信息的忽视程度，后者控制前一时间步状态信息引入当前状态的比重。表达式如下： 
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⎪
⎨

⎪
⎧

𝑟𝑟𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑟𝑟 ∗ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑟𝑟)
𝑧𝑧𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑧𝑧 ∗ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑧𝑧)
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ℎ
~)

ℎ𝑡𝑡 = (1 − 𝑧𝑧𝑡𝑡) • ℎ𝑡𝑡−1 + 𝑧𝑧𝑡𝑡 • ℎ𝑡𝑡
~

                                   (2) 

式中：σ 是 sigmoid 函数，xt 是单元的输入向量，ht 是对应的输出隐层状态向量，rt 是重置门

状态向量，zt 是更新门状态向量，tanh 为双曲正切激活函数，w,b 分别对应 GRU 自学习训练

的权重向量和偏置向量。 
 
2.1.2 注意力机制  

为优化GRU自动编码机学习能力，本文引入近年在自然语言处理领域快速发展的软时序

注意力机制(soft attention)[21]。注意力机制增强了深度学习方法的可解释性 [22,23]，其机理类似

于视觉感知规律，换道过程中周边车辆产生不同的影响效力，驾驶员基于历史经验及实时视

觉感知，能够忽略无关信息而关注重点信息，不断调整自身换道决策。 
采用的软注意力机制计算分三个步骤：首先利用单层网络进行相似性计算，见下式。 

𝑞𝑞𝑡𝑡𝑖𝑖 = 𝑊𝑊𝜉𝜉𝜉𝜉𝑡𝑡
𝑖𝑖 + 𝑏𝑏𝜉𝜉                                    (3) 

其中 qt
i是在第 t 个时间步上分配给第 i 个输入变量的原始权重分数，Wξ 和 bξ  分别是梯度下降

中网络学习到的权重项和偏置项。 

𝛼𝛼𝑡𝑡𝑖𝑖 = 𝑒𝑒𝑒𝑒𝑒𝑒(𝑞𝑞𝑡𝑡𝑖𝑖)
∑ 𝑒𝑒𝑒𝑒𝑒𝑒(𝑞𝑞𝑡𝑡𝑖𝑖)𝑚𝑚
𝑖𝑖=1

,∑ 𝛼𝛼𝑡𝑡𝑖𝑖 = 1𝑚𝑚
𝑖𝑖=1                                (4) 

式（4）对原始的注意力 qt 向量中所有元素进行 softmax 归一化操作，使其处于[0,1]权重分数

区间，得到任一输入第 i 维向量在时间步为 t 上的注意力权重 , m 为输入序列维度。最终注意

力模块输出新的语义向量 ut（由输入向量与注意力分数作乘积）传递至后续 GRU 层。 

𝑢𝑢𝑡𝑡𝑖𝑖 = ∑ 𝛼𝛼𝑡𝑡𝑖𝑖𝜉𝜉𝑡𝑡
𝑖𝑖

𝑚𝑚                                    (5) 

可微分的软注意力可以通过神经网络算出梯度并且前向传播和后向反馈来学习得到注意

力的权重。在 AT-GRU 自动编码机的输入层之后（而非在内部隐藏 GRU 层）加入注意力机

制模块，利用时序注意力机制输出、输入数据的注意力权重分布，表征输入特征时间维重要

性分布。该模型不易忽视输入数据内部隐藏的重要时序信息，支持编码机为相关性更高的时

序向量优先分配权重值，有助提升编码机学习精度和效率。同时，输出的潜特征能够有效表

征个体驾驶员的原始换道行为输入特征，成为先验潜在异常检测指标。且每一个 AT-GRU模

型仅接收单个驾驶员换道数据集，以个性化的方式形成自适应的特征指标，解决指标泛化性，

显著抵抗干扰信息并提升针对个体的可解释能力。 
 
2.1.3 异常识别模块 

IForest 模型接收 AT-GRU 自动编码机的潜特征输入 Z 并进行训练，输出不同换道行为样

本的异常概率分值。相较于单分类支持向量机或局部离群因子法(LOF)，孤立森林有线性时

间复杂度和高精准度的优势[24]，面对高维海量数据和冗余特征仍能保持良好性能；可以避免

变分编码机这类生成式深度神经网络[25]进行异常检测时面临地参数优化训练困难等问题。 
IForest 将连续数据中的异常样本定义为数量稀少且孤立的离群点，通过递归构造二叉树

结构的大量孤立树完成异常检测。首先，在输入训练集 Z 内进行小数目随机采样。然后，随

机划分换道行为潜特征，并在某一特征 q 的值域内随机选定阈值 p 进行孤立树的构造，直至

树深度达到最大深度或者仅存在单个叶子节点。训练结束后通过计算样本 Zi在所有孤立树上



的平均路径长度 E(h(Zi))获得该样本异常概率分值，见式（6-7）。监测数据最终所处节点越

接近孤立树的根节点，其异常概率被视为更高。 

𝑠𝑠(𝑍𝑍𝑖𝑖,𝑁𝑁) = 2−
𝐸𝐸(ℎ(𝑍𝑍𝑖𝑖))
𝑐𝑐(𝑁𝑁)                                 (6) 

𝑐𝑐(𝑁𝑁) = 2𝐻𝐻(𝑁𝑁 − 1) − 2𝑁𝑁−2
𝑁𝑁

                                (7) 

式中：c(N)是由样本数量 N 确定的二叉树搜索平均路径长度；H(x) 是调和级数函数，在 n 较

大时可用 ln(n)+0.57721（欧拉常数）代替。 

 
2.1.4 异常换道研判准则 

个性化行为异常识别很难通过经验性的阈值设定判断异常。同时，考虑驾驶员行为异质

性，不同驾驶员具有不同的异常换道分数概率阈值。参考Tukey’s test法则，本准则从个体驾

驶员的换道数据特征出发（即无需假设数据分布概率），具有相对客观稳定的判识能力。异

常换道行为准则如式（8）： 

𝑠𝑠(𝑍𝑍𝑖𝑖, 𝑚𝑚) ≥ 𝑠𝑠(𝑍𝑍,𝑚𝑚)25 + 1
𝜃𝜃

• (𝑠𝑠(𝑍𝑍,𝑚𝑚)75 − 𝑠𝑠(𝑍𝑍,𝑚𝑚)25)                     (8) 

式中：s(Z,n)25 和 s(Z,n)75 分别为驾驶员换道行为样本异常分数分布 25 分位值与 75 分位值，

s(Zi,n)是第 i 个换道行为样本的异常分数值。θ 为异常灵敏因数，表征异常换道行为识别灵敏

度。该因数越小，单个驾驶员所检测的异常换道行为数量越少，即对异常换道行为识别要求

越严格。根据驾驶员驾龄和事故记录等因素可以优化设置，本文采用 θ=2/3。在孤立森林模

型运行完成后，模型按该准则输出当前换道行为数据的异常状态标签。 
 
2.2 LSTM 方法 

第二种尝试是基于长短期记忆网络的无监督框架，包括重构、识别和可视化三个模块，

如图 3 所示，模型细节详见文献[fan2022]。重构模块基于递归卷积-自动编码器(RC-AE)从高维

轨迹数据集中提取时空特征。编码器包括一个 LSTM 层、1D -CNN 层和几个最大池化层。解

码器模块由 1D -CNN 层、上采样层和 LSTM 层组成。识别模块使用基于 Pauta 准则的重建损

失分析以及单类支持向量机对提取的潜在特征空间进行分析。可视化模块采用 t 分布随机邻

域算法（t-SNE）嵌入将异常数据样本投影到二维空间中，提升解释性。最后，通过个性化的

灰色关联系数分析变道事件的时间异常，以表征单个驾驶员的稳健相似性。 

另外，基于 Stacked Convolution Autoencoder (SCAE)的重构算法与 RC-AE 有类似的对称

网络，但将一维卷积层替换为二维卷积层（2D -CNN）。几种方法各有优缺点和适用性，需

要结合具体数据集及研究目标评价。 

 

 



 
图 3  基于LSTM的研究框架[26] 

Fig.3 Framework Based on LSTM 

 

3 实证研究 

3.1 数据准备 

上海自然驾驶研究项目 SH-NDS（Shanghai Naturalistic Driving Study）是由同济大学、通

用汽车中国公司、美国弗吉尼亚理工三方合作的中国自然驾驶项目。参与的驾驶员总计 60
位，年龄分布在 35-50 岁之间，参加试验之前已行驶总里程均大于 2 万公里，日常行驶平均

里程不低于 40km[26]。5 辆试验车辆均配备了 SHRP 2 Next Gen 数据采集系统，包含全球定位

系统、多普勒雷达、车道偏移系统、前后向高清摄像头等。每个驾驶员在自然状态下驾驶车

辆，系统以无干扰的方式全程记录驾驶信息，如雷达传感的车辆运动信息、经纬度坐标、驾

驶员的头部手部动作、周围车流视频等，数据采集频率为 10Hz。 
 

 
图 4 换道过程示例 

Fig.4 A Lane-changing Event Sample 
 

如图所示，SV 代表产生换道行为的自然驾驶车辆，OV 为当前车道的前车，TV 是目标车

道的前车。换道样本提取原则为：以车道中心线偏移与方向盘转角指标进行识别单次换道行

为，车辆跨过车道线时定义为换道中间点 T0；从 T0 双向各遍历 3s 数据，T 为时窗长度，依



次利用试验车与车辆纵横向距离指标进行匹配。为消除数据噪声，利用指数平均法进行滤波

处理，以线性插值法填补缺失值。经预处理后累计提取了多位驾驶员在 3 年中累计共 6,658
次出行数据，保留了有效换道行为样本量为 58,015。为了避免各特征值间的数量级差异，在

输入至 AT-GRU 自动编码机前对连续型变量的原始数据进行了 Z-score 标准化处理。此外为

构建个性化异常换道研判模型，针对每个 AT-GRU自动编码机模型训练输入的换道行为仅源

自个体驾驶员数据。 
重构模块采用 python3.6 语言并基于 Keras 2.3.1 深度学习框架实现，基于 0.001 学习率的

Adam 优化器，训练损失函数为均方误差，编码器和解码器分别有 2 层 GRU 层堆叠。训练集

与测试集的比例为 85:15，训练迭代批次上界为 128，自动编码机内部各层间的激活函数为

ReLu。作为识别模块的孤立森林则利用 Scikit-Learn 框架实现，孤立树数量取 100，设定算

法自动选取最大采样数。 
 

3.2 结果与分析 

由于篇幅有限，本文随机选取 6 位驾驶员进行详细分析（驾驶员编号为 6、9、26、38、
43、54）。换道行为样本数介于 91 到 2465。表 2 给出了复合模型训练完成后对 6 位驾驶员

异常换道统计分析，并基于式（6）计算不同驾驶员换道异常发生率。如换道记录数最低的

38 号（2.2%），而其异常换道概率阈值最高（0.6267），对应其更稳定的换道行为风格。图

7 对 6 位驾驶员的换道异常概率分数分布进行了可视化。 
表 2 4.0s 秒时窗基准工况异常识别结果 

Tab. 2 Anomalous Analysis Results Using 4.0sTimeWindow Length 
驾驶员 换道事件数量 异常换道事件数 % 异常概率阈值 

6 500 41 8.20 0.5620 
9 2465 175 7.10 0.5333 
26 1163 59 5.07 0.5615 
38 91 2 2.20 0.6267 
43 940 51 5.43 0.5670 
54 1742 95 5.45 0.5355 

 

 
图 7. 4.0s 时窗下驾驶员异常分数阈值分布 

Fig. 7 The Anomaly Scores Distribution of 6 Drivers 
 



3.2.1 基于注意力机制的换道行为时窗 

换道行为时窗长度是重要超参数之一，考虑路况、交通流、换道紧迫度、心理等要素，

需要通过敏感性分析确定参数合理值。长时窗可能引入冗余时序信息，抑制 AT-GRU的行为

表征学习；短时窗则不易捕捉到数据时序内在依赖性，遗失重要特征信息。本文分别采用

2.0s、6.0s 时窗与基准工况 4.0s 进行比对分析，见表 3-4。总体而言，异常换道行为数量和异

常分数阈值上没有显著波动，进一步验证了 AT-GRU 编码机和孤立森林 IForest、Tukey’s test
组合使用，能对高维数据进行抽象挖掘，刻画个体驾驶员行为谱，同时弱化异常换道行为数

据对模型自学习的影响，从而生成兼具个性化和稳定性的异常研判阈值分数。 
 

表 3 2.0s 和 6.0s 对比工况下的异常换道结果敏感性分析（4.0s 为基准） 
Tab. 3 Anomalous LC Results Sensitivity Analysis  

编号 
 2.0s  6.0s  

异常换道数 变化趋势 变化值 异常换道数 变化趋势 变化值 
6 45 ↑ 4(0.8%) 43 ↑ 2(0.4%) 
9 115  ↓ 60(-2.4%) 140  ↓ 35(-1.4%) 

26 58  ↓ 1(-0.1%) 85 ↑ 26(2.3%) 
38 4 ↑ 2(2.2%) 2 → 0(0.0%) 
43 46  ↓ 5(-0.5%) 49  ↓ 2(-0.2%) 
54 68  ↓ 27(-1.5%) 101 ↑ 6(0.3%) 

 
表 4 2.0s 和 6.0s 的对比工况下的异常分数阈值敏感性分析 

Tab. 4 Anomalous Score Threshold Sensitivity Analysis 

编号 
 2.0s  6.0s  

异常换道数 变化趋势 变化值 异常换道数 变化趋势 变化值 
6 0.5361  ↓ -0.0259 0.5443  ↓ -0.0177 
9 0.5658 ↑ 0.0325 0.5634 ↑ 0.0301 

26 0.5594  ↓ -0.0429 0.5381 ↑ 0.0234 
38 0.6262  ↓ -0.0005 0.6087  ↓ -0.0180 
43 0.5550  ↓ -0.0120 0.5722 ↑ 0.0052 
54 0.5476 ↑ 0.0121 0.5451 ↑ 0.0096 

 



 
图 8. 9 号和 54 号驾驶员在三类时窗下的平均注意力权重分布（颜色看的旧旧的） 

Fig 8 The Average Temporal Attention Values by Drivers 9 and 54 
 

图 8 针对软时序注意力机制数据结果进行可视化。纵轴为个体换道数据重构学习后单个



时间步上的行为向量平均注意力值，可见不同驾驶员的注意力权重分布时序差异：如使用

2.0s 时窗长度，换道行动点前后时刻的注意力权重分数均较低，换道起始点附近时间步的注

意力权重分数要远高于中间部分，介于 0.25-0.3 之间，其次是换道结束点。在 4.0s 工况下，

失衡情况有所缓解。9 号驾驶员更多的注意力权重分布在换道时窗末期，最终时间步的注意

力权重分数可达 0.23，这与 54 号驾驶员明显不同。此外，换道行为时窗与换道持续时间 Tlc

高度相关，Yang等[20]推荐 Tlc样本均值 3.81s。综合考虑本研究采用 4.0s时窗进行异常换道行

为检测。 
 
3.2.2 异常换道行为特征分析 

为了提升模型可解释性，本文借助无需有关数据分布先验知识的非参数核密度估计

（KDE）获取 8 个输入特征上异常组、正常组和总体组的概率密度分布展开分析。设定核函

数为高斯核函数，优化积分均方误差为优化目标对最优窗宽进行自动搜寻，其结果可从概率

分布上揭示 AT-GRU 自编码机和孤立森林共同学习获得的规律。 
仍以 9 号和 54 号驾驶员为例，如图 10 所示，两位驾驶员的异常组概率密度分布在多数

变量上不同，且在车辆角速度（ωZ）、本车到前方两车的车头间距 do、与当前车道前车的速

度差 vro 等变量上，异常组和正常组呈现明显差异，异常组的变量分布范围也更为分散。具

体而言，9 号驾驶员正常组换道角速度的概率密度分布接近于高斯分布（均值为 0），而其异

常组角速度概率分布为正偏态分布（均值>0），这表明其异常换道行为中向右换道的条件概

率要高于向左侧换道，且 ωZ 达到 10~20degree/s 的换道行为可能是紧急变道行为。而两位驾

驶员换道行为异常组和正常组的纵、横向加速度指标概率密度分布之间没有显著差异，故角

速度序列信息相较于加速度序列更有可能是异常换道行为研判的主要特征。54 号驾驶员在

4.0s 工况下，异常组的车头间距变量 do概率密度分布为拖尾左偏分布，与正常组差异显著，

这表明该驾驶员执行异常换道操作时倾向与前车保持较大距离，具备明显的风险规避特征。 

 
a) T=4.0s Driver 9 



 
b) T=4.0s Driver 54 

  图 9 核密度估计结果 
Fig 9. The Results of Kernel Density Estimation  

 
4 结束语 

本文提出了一种基于注意力机制的时序 GRU 自动编码机和孤立森林复合无监督学习方

法，用于个性化驾驶员异常换道行为研判。GRU 自动编码机（AT-GRU）负责重构高维时序

换道特征数据，并在训练结束后捕捉相应的低维特征表达；在此基础上，孤立森林（IForest）
作为异常识别模块主体单元结合修正的 Tukey’s test 准则输出无先验知识下的异常识别结果。

基于上海自然驾驶实验多位驾驶员长期积累的海量换道数据库开展了多个体案例验证。结果

显示，不同驾驶员的换道行为异常率差异明显，分布于 2.2~8.2%水平之间，且异常换道行为

群组与正常换道行为群组之间的车辆角速度、与周围车辆纵向距离等特征变量呈现较显著的

概率分布差异。不同于以往研究，本文给出了换道行为研究时域 2s、4s、6s 的敏感性分析结

果，并基于注意力机制结果开展了相应的个性化异常驾驶行为分析。本文提出的个性化异常

识别复合模型可以应用于其他类型的驾驶行为，为在复杂多变的交通场景下开展端到端异常

行为主动安全防御提供了新思路。下一步研究工作将尝试融合传感数据与视频图像等多源数

据，分析异常换道行为发生的时空特征，并探究异常致因；基于自然驾驶数据深度挖掘，揭

示我国驾驶员的驾驶行为异质性，并构建典型驾驶风格系列画像。 
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