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ABSTRACT

This work investigates intent recognition and trajectory prediction for multiple types of
traffic participants at an unsignalized intersection within connected intelligence
environments based on bidirectional spatiotemporal attention network (Bi-STANet). An
unsignalized intersection is used as the studied object, where the participants include
Connected and Automated Vehicles (CAVs), Human Vehicles (HVs), bicyclists, and
pedestrians. A novel method is proposed based on Bi-STANet. First, a multimodal
spatiotemporal feature extraction model is constructed based on (2+1)-dimensional CNN
((2+1)D CNN), where grid encoding method is used to unify the spatial structure and 2D
convolution is used to extract spatial features for capturing the disordered characteristics of
participants. Temporal dynamics are modelled via 1D convolution along the time axis,
enabling spatiotemporal decoupling. Second, a bidirectional dynamic interaction model is
developed by integrating LSTM-based temporalfeature extraction with (2+1)D CNN layers,
where heterogeneous modality fusion is implemented through a Bidirectional Contextual
Block (BiCoBlock). Finally, a modelintegrating dynamic interaction, intent recognition, and
trajectory prediction is developed. The proposed method is valida ted through the inD dataset
innovatively. The results show that the average accuracy of intent recognition can reach to
95.4%. Within a 3-second horizon, Average Displacement Error (ADE) and Final
Displacement Error (FDE) canbereducedto 0.51 m and 0.64 m, respectively, compared with
the best baseline model. In Ablation studies, intent recognition F1-score canbe enhanced by
7.2%, and ADE and FDE of trajectory prediction can be enhanced by 41.4% and 39.0%,
respectively.

KEYWORDS
unsignalized intersection; bidirectional spatiotemporal attention network (Bi-STANet);
(2+1)D CNN; multiple types of traffic participants; intent recognition; trajectory prediction.

The safety decision-making and control of Connected and Automated Vehicles (CAVs) rely on precise
situational awareness of each different driving situation [1], where the scenario of unsignalized road
intersection with multiple types of traffic participants is more complex due to the uncertainty behaviours of
participants and the possible interactions among CAVs, Human Vehicles (HVs), bicyclists, and pedestrians
[2—4]. The traveling direction and the starting time of participants are not limited by signal light. The
probability of interaction is still very large although the traffic flow density is very low. Moreover, the
intersection may be in a disordered state when the complex interweaving among participants occurs. By using
the conventional methods [5], CAVs have some difficulty in identifying the intents of participants and
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predicting their trajectories, especially bicyclists, and pedestrians. Low recognition rate and prediction
accuracy lead to inability to meet the needs of engineering applications. It has become one of the urgent
problems that should be solved in this field.

In recent years, many scholars have focused on the studies of decreasing the errors of trajectory prediction
and enhancing the precision of intent recognition by constructing interaction frameworks among participants
in these complex scenarios. Forexample, Azadani etal. proposed the Spatio-Temporal Attention Graph (STAG)
for vehicle path prediction, where asymmetric and dynamic inter-agent interactions are modelled to address
complex spatio-temporal dependencies [6]. Byeon et al. proposed a multi-model fusion framework for lane-
changingintentrecognition, wherean attention-enhanced BiLSTM is combined with a reinforcement learning-
based CRF to model temporal dependencies and vehicle interactions [7]. Qiao et al. proposed the Social-
Attention LSTM model for long-term vehicle trajectory prediction, where interaction relationships captured
by the Social-Pooling layer and temporal dependencies extracted via a self-attention mechanism are integrated
into the LSTM architecture to enhance prediction accuracy [8]. Evidently, only HV's were discussed, which
limits the application of these methods in complex scenarios with bicyclists and pedestrians, e.g., an
unsignalized intersection.

In response to the above issues, some scholars have attempted to study dynamic interaction, trajectory
prediction, and intent recognition problems of four types of participants by incorporating bicyclists and
pedestrians. For example, Hosford et al. investigated pedestrian-bicyclist interactions through observational
studies at urban intersections, where crossing behaviours and environmental factors were analysed to identify
conditions associated with increased interaction frequency [9]. Benhelal et al. proposed an edge-assisted
clustering framework for vehicle trajectory prediction, where multi-agent predictions are aggregated via
DBSCAN on an edge server to enhance accuracy and robustness [10]. Long et al. proposed a Dual-LSTM
network, in which dynamic interaction information between autonomous vehicles and other participants is
processed to reduce long-term trajectory prediction errors [11]. Those studies show the effectiveness of the
methods in mapping the nonlinear relation of complex scenarios. But the impact of Vulnerable Road Users
(VRUs) with highly random behaviour on vehicle movement, e.g., pedestrians and bicyclists, has not yet been
addressed. The bidirectional interaction relationships among the four types of participants have not been
effectively mapped in the models. Moreover, the joint interaction modelling of pedestrian and rider
spatiotemporal trajectories has not been discussed yet. For an unsignalized intersection with four types of
participants, the spatial structure should be refined due to the uncertainty of interactive sub-scenario. The
spatial features in response to the disordered characteristics of participants should be exacted and the temporal
features in response to the multi-directional characteristics of participants’ intents should be extracted. If we
use the above methods for modelling nonlinear behaviour, it cannot be achieved to fully capture the dynamic
spatiotemporal dependencies among patticipants. Theaccuraciesofintentrecognitionand trajectory prediction
cannot be enhanced.

The Bi-STANet model, with multiple types of traffic participants as the studied subject, can be used to
provide a more accurate solution of trajectory prediction in complex scenarios, by which the participants’
intents and trajectories can be discussed deeply, the interaction characteristics between VRUs and vehicles can
be thoroughly explored, and the behavioural patterns of participants can be effectively characterized. At the
same time, (2+1)D CNN [12,13] employed previously for human activity recognition, can be used to enhance
the modelling of traffic participants, by which the spatiotemporal features [14,15] of participants can be
captured and represented based on 2D [16] CNN, the dynamic changes in space can be monitored based on
1D CNN, and the spatial relationships between participants and surrounding participants can be handled. By
innovatively introducing a bidirectional cross-attention mechanism [17-20], the BiCoBlock module can be
used to enhance the accuracy of subsequent intent recognition and trajectory prediction. The temporal and
spatiotemporal features of participants can be updated, and the continuity of the temporal dimension and the
correlation of the spatial dimension in the model are preserved. Based on these, an unsignalized intersection is
used as the studied object, where participants include bicyclists, pedestrians, CAVs and HVs. A Bi-STANet-
based method is proposed for intent recognition and trajectory prediction of participants under intelligent
connected environments. The grid encoding method [21,22]is used to unify spatial structure and a multimodal
spatiotemporal feature extraction model is established based on (2+1)D convolution. The BiCoBlock is
constructed based on (2+1)D CNN and Bi-STANet. The effectiveness of the proposed approach is validated
through the comprehensive experimental evaluation.

The main contributions of this paper are as follows. The first one is that a method for intent recognition and
trajectory prediction of multiple types of participants at an unsignalized intersection is proposed based on Bi-

1054



Promet— Traffick Transportation. 2026;38(5):1053-1068. Safety and Security

STANet, and its model is established. The second one is that a multimodal spatiotemporal feature extraction
model of participants is constructed based on (2+1)D CNN. The third one is that a bidirectional dynamic
interaction model is constructed by fusing (2+1)D convolutional and LSTM-based features.

The remainder of this paper is structured as follows: Section 2 presents the problem formulation. In Section
3, the intent recognition and trajectory prediction modules based on Bi-STANet are established. The
experimental analysis is discussed in Section 4. Finally, Section 5 summarizes the conclusions.

2. PROBLEM FORMULATION

An unsignalized intersection shown in Figure 1 is used as the studied object, where multiple types of traffic
participants include CAVs, HVs, bicyclists, and pedestrians. There is relatively low traffic demand during the
time period according to the rules set for the signal lights [S]. Here, two complex sub-scenarios are displayed
in order illustrate the issue. In Figure Ia, bicyclist A is observed to interact with going-straight HV D, left-
turning HV B, and straight-moving CAVS E and C during a wide-radius left-turn manoeuvre. In Figure 1b,
interaction scenarios depicted at the four corner regions show typical behaviours observed in real-world traffic
conditions. Most pedestrians cross the intersection through zebra crossings, but there are still a few who do
not follow the rules and walk randomly.
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Figure 1 — Studied object: a) Central interaction scenario,; b) Corner interaction scenario

Table 1 shows the main behavioural characteristics and common intents of participants. These behavioural
patterns highlight the need for models that can effectively capture the diverse and dynamic interactions among
these participants, which is crucial for accurate trajectory prediction and intent recognition in autonomous
driving systems. By incorporating these characteristics, a more comprehensive understanding of traffic
dynamics can be achieved.

Table 1 — Behavioural characteristics and intents of traffic participants

Participant Behavioural characteristics Conventional intents
Moderate speed Straight/right turn
Bicyclist Frequent wrong-way riding Wrong-way riding
Prone to large-radius left turns large-radius left turns
Low speed Sudden appearance
Pedestrian High randomness Wrong-way walking
Weak rule adherence Multi-directional walking
High speed Straight movement
HV/CAV Strong rule adherence Left/right turns
Usually yield to VRUs Yielding/stopping

The objective of this work is to simultaneously recognize the motion intent and predict the future trajectory

of the target participants. Here x; € R? represents the 2D position of the i-th participant at time ¢, and the
observed trajectory over the past Toys frames is denoted by x.7, ={x},x;,....x7._}. The goal s to predict both
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the intent /'€7 and the future trajectory j}iTobs T {T/iTobs L1oee .j‘/iTpred}. The surrounding traffic participants

denotedby ]\f, = {Vl ’.V2? ...,Vy}are considered in interactionmodel. Thestate variables for eachneighbour jENV;,
denoted by s, = (x},/,d,0,), are the first encoded into grid-based spatiotemporal features via the CNN module

and then incorporated into the attention-based fusion process to model inter-agent interactions. The problem
can be formulated by a learning function.

(EORTICTANE T ) M

where @(-) is modeled using a multimodal spatiotemporal attention network integrating (2+1)D CNN and
LSTM, capable of jointly performing intent recognition and trajectory prediction.

3.METHODOLOGY

The proposed framework for intent recognition and trajectory prediction is systematically presented in this
section. First, the overall model architecture based on Bi-STANet is introduced. Subsequently, the multimodal
spatiotemporal feature extraction process using (2+1)D CNN is described. Finally, the bidirectional dynamic
interaction mechanism realized through the BiCoBlock module is detailed. Each component is designed to
enhance the capture of complex spatiotemporal dependencies and improve overall predictive performance.

3.1 Model structure based on Bi-STANet

Figure 2 shows the structure of the proposed intent recognition and trajectory prediction model based on Bi-
STANet, where LSTM, (2+1)D CNN, and the BiCoBlock module are comprehensively utilized to accurately
capture the time series dynamics of the observed agent and the spatial interaction characteristics with the
surrounding environment. The parameters and variables of the model are listed in Table 2.

1
S € LSTM — LsT™M %

Input X; x> o -
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representation of video data Bidirectional contextual block Intent recognition

Figure 2 — Structure of intent recognition and trajectory prediction model based on Bi-STANet

The specific working processes of the model are as follows.

1) Input the historical trajectory data of participants into the LSTM network, e.g., position, speed,
acceleration, and heading, and then extract trajectory features denoted by HES™), Simultaneously, input
the keyframe images of participants at the intersection into the CNN network as video tensors denoted by
Ve RB'C'T‘H‘W'

2) Construct a spatiotemporal occupancy grid [22], encoding both occupancy and motion direction in each
grid cell. Transform positional features into a local coordinate system aligned with the agent’s heading
and normalize continuous variables using statistics from the training set for numerical stability.
Subsequently, compute the spatial grid representation of the traffic participants. Obtain spatiotemporal
features denoted by HON,

3) Project HES™ and H™Vinto the feature space denoted by d,,4e Via linear projection, by which the
condition that temporal features and spatial features are in the same dimension can be ensured.

4) Update the temporal features, where HB™) js used as the query, and the continuous frame grid features

denoted by H gre input into the multi-head attention mechanism as the key and value.
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(LSTM) ( 1;(CNN)
H H
HS™)=Softmax —(d ),>H(CNN) @

5) Update the spatiotemporal features, where H™ is used as the query, and the updated HS™ g input
into the multi-head attention mechanism as the key and value.

H(CNN) ( H(LSTM))

(LSTM)
= H 3)

HCNNV=goftmax

6) Fusetheupdatedfeaturesandconstructa jointprobability model P(c;,Y;) = P(ciX;,V;) - P(Y;|c;,X;). Extract
multi-scale motion features hff) = LSTM(CNN()(St'At:t))). Introduce a learnable modality alignment matrix

T
ROM)(RY)

(0 _ o
Qi \/d_v >

M € R% %, and achieve semantic fusion of trajectories and video-scene features.

hpQh
Fseg=LayerNorm (h prSoftmax <% hv> “

7) Visualize the predicted trajectories of traffic participants and output the intent recognition probabilities to
intuitively present the experimental results.

Table 2 — Notation of key model parameters and variables

Notation Definition
HIS™ Trajectory features extracted by LSTM.
HEON Trajectory features extracted by CNN.
14 Tensor of key-frame images for intersection participants.
Ci Discrete intent classes of intersection participants.
X Spatiotemporal tensor encoded from continuous video frames.
Y; Probability distribution of future trajectory prediction.
Frused Fused feature of trajectory and video scene features.
H, Updated temporal features.
He Updated spatiotemporal features.
LayerNorm | Layer Normalization.
MLP Multilayer perceptron.
Softmax Softmax function. Normalize logits to a probability distribution.
WS Query weight matrix for the /-th attention head.
W1C< Key weight matrix for the /-th attention head.
Wg Value weight matrix for the A-th attention head.

3.2 Multimodal spatiotemporal feature extraction based on (2+1)D CNN

Figure 3 shows the architecture of multimodal spatiotemporal feature extraction based on (2+1)D CNN. A
grid-based environmental encoding method is employed, in which the non-motorised target agentis designated
as the reference centre. A fixed-size spatial region is discretized into uniform grid cells. The relative position
of each surrounding participant is computed by measuring the distance and angle to the target participant’s
centre, thus determining their placement in the grid. This enables frame level occupancy representations to be
constructed using the model, capturing both spatial distributions and motion patterns. The spatiotemporal grid
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representation enables the simultaneous capture of spatial features within each frame and temporal
dependencies across frames, essential for modelling dynamic interactions and accurately predicting
trajectories. By using conventional 3D convolutions [23], while capable of directly modelling spatiotemporal
relationships by operatingjointly in temporal and spatial dimensions, large-scale video datacan’tbe processed
in real-time due to high computational complexity and parameter scale. To address this issue, a (2+1)D CNN
structure is designed, where 3D convolution is decomposed into a combination of 2D spatial convolution and
1D temporal convolution. According to existing literature on spatiotemporal convolutions, the R(2+1)D
architectureachieves a 3-3.8% improvement in accuracy over R3D on both 8- frame and 1 6-frame inputs, with
similar computational complexity, which significantly reduces computational complexity while preserving the
effective extraction capability of spatiotemporal features, improving efficiency and accuracy on video-based
recognition tasks [24].

Feature map L4 Conv 2d

Low-resolution, " 9 ﬁ
% B - high-channel L
Py . } ‘ Upsample
AR N e [ ORH——g
ml L= 2 - i » 1 Upsample _._ W
min] P - | Conv 2d » i
i 2D Spatial CNN 1D Temporal CNN | ECHTeln AT R — 11 ® H
BxC' xTxH xW BxC xTxH xW | ! il Upsample
AT 7} Feature map L1 .
i High-resolution, —_— (o 2 ——Pé
Unsignalized intersection (2+1)D CNN i low-channel i :
e e e e e e e e * Multiscale
Multiscale feature pyramid network (FPN) feature maps
Figure 3 — Structure of the (2+1)D CNN
The specific steps are as follows.
1) (2+1)D CNN. The input video tensor is defined as follow.
X e RB-CTH‘W (5)

where B, C, and T represent the batch size, the number of channels, and the number of temporal frames,
respectively. H and W represent the height and width for each frame, respectively.

2D spatial convolution is performed on the input consecutive frame grids at each time step ¢ to extract local
static features. The operation of the 2D spatial convolution is expressed by Equation 6.

C kp-1ky-1

y(@D) e,
b L A Z Z Z Xb CLitmyjtn Kgc];)cmn)-i_bcv (6)

c=1 m=0 n=0

where K, € Rmida Chirkw represents the two-dimensional convolutional kemel, C,,;4 represents the number of
intermediate channels, k;, and &, represent the spatial kernel sizes. b, is the bias term. The dimension of the
output feature tensor is expressed by Equation 7.

v2D) ¢ RBCuia THW (7)

One-dimensional convolution is implemented along the temporal dimension on the aforementioned result
to capture dynamic associations between frames. The operation of the 1D temporal convolution is formulated
by Equation 8.

Cinig 151

v D) (2D) (c"c7)

bL i ZZchzﬂ'l,]K +b (8)
c=1 =0

where K € RCutCmia? represents the one-dimensional temporal convolution kernel, C,, represents the
number of output channels. #; represents the temporal convolution kernel size. b~ is the bias term. The
dimension of the final output feature tensor is expressed by Equation 9.
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Y € RB'COM'T"H'W (9)

Through the aforementioned design, the complexity of computation can be significantly decreased, and the
training efficiency can be enhanced compared to 3D convolution.

2) Multi-scale feature pyramid network (FPN). In the discussion of consecutive frame spatio-temporal grid
matrices, multi-scale features are usually exhibited by different objects and dynamic behaviours, e.g., local
rapid movements and global slow variations. So, it is difficult to comprehensively describe complex video
content when relying solely on single-resolution features. To address this issue, a multi-scale Feature Pyramid
Network (FPN)[25]is proposedto achieve multi-level feature fusion and multi-scalemodelling. Afterthe grid
matrix of the input consecutive-frame is processed by multiple layers of (2+1)D convolutional modules,
different levels of features are extracted layer by layer.

F = (2+1)D-Conv(F'),/1=1,2,...L (10)

where F' € RE-CrTrHr W, represents the feature map of the L-th layer. L represents the total number of layers.
The resolution of each layer’s feature map gradually decreases, while the number of channels gradually
increases.
Once features from all levels have been extracted, upsampling operations are performed sequentially,
beginning with the highest-level feature F', and lateral concatenation is conducted with lower-level features.
Step 1. Channel alignment. The number of channels in the lower-level features is adjusted to match that of
the higher-level features by employing a 1-1 convolution operation.

#:ConVH(FI) an

where Fl € RB'Cl’fl"Tl'H"Wl.
Step 2. Upsample. The features from the previous layer are upsampled so that their spatial resolution is
aligned with that of the current layer.

P= Upsample(PHl) (12)

where 131+1 € RBCiv TrHIW,
Step 3. Feature fusion. The upsampled features are added to the adjusted ones of the current layer.

PP (13)

After performing the above operations, a set of multi-scale feature maps denoted by {PI,PZ,...,PL} is
output by the FPN, where Semantic information from higher levels and local details corresponding to each
resolution are simultaneously preserved within the features of each layer, which can effectively support
downstream tasks such as trajectory prediction and intent recognition.

3.3 Dynamic feature interaction based on BiCoBlock

The core issue of intent recognition and trajectory prediction is how to achieve multimodal feature fusion.
In the scenario of the unsignalized intersection, a significant complementarity exists between the sequential
motion features of participants and the spatial interaction features of their surrounding environment. In order
to address the aforementioned issues, a BiCoBlock shown in Figure 4 is proposed, which enables bidirectional
feature interaction and captures contextual features effectively [26]. Unlike conventional Transformer-based
fusion mechanisms that apply unidirectional or modality-agnostic attention, BiCoBlock enables bidirectional
information flow by allowing temporal and spatiotemporal features to serve as queries for each other, tailored
for dynamic and asymmetric traffic interactions. This design allows task-relevant information to be selected
from the counterpart’s context, thereby achieving efficient feature fusion [27]. The problem of feature
redundancy can be alleviated by adaptively filtering important information through attention mechanisms, and
it is easy to integrate into multimodal networks through modular design, compared to the conventional
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methods. Moreover, the incorporation of a lightweight gating mechanism improves the model’s adaptability
and interpretability, making BiCoBlock particularly suitable for heterogeneous agent modelling in complex,
dynamic traffic scenarios.

Updated feature

Projected temporal 0 gated fusion block
> features(7 x D) —=—> Temporal-spatial attention —>
Batch x T'x D
LSTM temporal features _
L (Batch x T F) + z=o(Wh +Wyh) O (h+h,)
Projected spatial

Updated temporal features

~  features(T x D) Batch x T x D Residual connection

Batch x T'x D
(2+1)D CNN spatial features e and LayerNorm
(Batch x H x Wx D) y .
Projected spatial : . )
) features(T x D) K/V| Spatial-temporal attention — Fusion feature output
Batch X T'x D (Batch x T'x D)

Figure 4 — Structure of the BiCoBlock

The two input feature sets are processed by BiCoBlock, whichrespectively represent the temporal dynamics
of the observed subject and the spatial features of the surrounding environment. Here LSTM is used to extract
the temporal features denoted by HS™ ¢ RB-TF , where B, T, and F’ represent the batch size, the number of
time steps, and the feature dimension. (2+1)D CNN is used to extract the spatiotemporal features denoted by

HV € RETD, where D represents the feature dimension of the CNN output. Since the dimensions of the
two feature streams may be different, a linear transformation is first applied to project into a unified feature
space dpodel-

HO = HS™ gy O ey (14)

where W, € RFdmotel and W, € RP¥mocel are the learnable parameters, HEO),H(CO ) € RB Tdmodel,

After the linear transformation, bidirectional information interaction is achieved via two multi-head
attention computations. The specific steps are as follows.

Step 1: Update temporal features. The historical trajectory features by the output of LSTM are used as
queries, while the consecutive-frame grid features by the output of CNN are employed as keys and values.

H, =MHA (0 = HOwh, k= HOwh, v=HO W) (15)

where MHA represents the multi-head attention mechanism to computethe attention scoresbased onthe query-
key relationships.

T
Attention (Q,K, V)=Softmax <%) 14 (16)

N

where d; = doqe / B Tepresents the feature dimension of a single head. 4 represents the number of attention
heads. The updated temporal features are obtained through residual connections and layer normalization.

Hg )= LayerNorm(ﬁ L+HEO)) 17)

Step 2: Update spatiotemporal features. The temporal features updated in Step 1 are now used as keys and
values for the LSTM.

H~MHA (0=HOWS, k=HVWwg, r=H W) (18)

The updated spatiotemporal features are further refined through a second multi-head attention operation,
followed by residual connections and layer normalization to enhance feature integration.
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H(C]) = LayerNorm(l?C+H(C())) (19)

Step 3: Fuse the updated temporal and spatial features by designing a gating mechanism that enables the
model to adaptively learn the integration of the two feature streams.

z=g-H +(1-9HY, g = oW [H H)) (20)

where o and W, represent the sigmoid activation function and the learnable weight, respectively.

The time complexity of BiCoBlock module is O (B-T2 ‘dmodel) for its main calculation comes from two
multi head attention operations. Since the two sets of features share the temporal dimension 7, the module
exhibits a linear relationship with respect to the time steps and batch size, making it suitable for multimodal
learning tasks in actual scenarios. By using the module, temporal and spatial features interact bidirectionally,
allowing each to access the contextual information of the other. This enhances feature complementarity while
reducing the interference of redundant information through task-relevant adaptive filtering. As a result, the
model’s robustness and generalization capability are improved.

To enhance the representation capability of BiCoBlock, intent-guided information is incorporated during
decoding to promote trajectory prediction accuracy. A joint modelling strategy fuses the intent embedding
vector with spatiotemporal features, enabling conditional generation of future trajectories. Kullback-
Leibler(KL) divergence is introduced to regularize the latent space distribution, while a weighted loss function
is designed to jointly optimize intent recognition and trajectory prediction. This design captures both fine-
grained motion dynamics and high-level semantic intent, thereby improving its overall predictive robustness
and interpretability.

4. EXPERIMENTAL ANALYSIS

The experimental results are discussed to validate the effectiveness of the proposed method. Subsequently,
the ablation experiments and the sensitivity analysis are conducted to further investigate the contributions of
different modules and parameter configurations.

4.1 Experimental design

The inD dataset[28] developed by the Automotive Engineering Institute of RWTH Aachen University, was
used as the experimental object, which covers natural driving scenarios at four typical German intersections.
80% of the dataset is used for model training, 10% for validation, and 10% for experimental prediction.
Specifically, the selected dataset includes four recording sites thatrepresent three distinct types of unsignalized
intersections: a standard unsignalized intersection, an asymmetric unsignalized intersection, and an
asymmetric T-intersection with channelized medians on both mainlines and side roads.

4.2 Experimental discussion

Figure 5 shows the training and validation loss trends of intent recognition and trajectory prediction using
the proposed Bi-STANet model. Figure 6 presents a comparison of the predicted trajectories, historical ones,
and the actual ones for four types of participants. Table 3 presents the performance comparison of participants.
1) Asshown in Figure 5a, the average training loss decreases significantly after the 20th epoch and stabilizes

after the 50th epoch, with no signs of overfitting. Notably, the standard deviation of the validation loss is
narrower than that of the training loss, and the intra-group correlation across five independent experiments
reaches 0.93, indicating the strong robustness. Rapid convergence is observed in early training stages,
while later fluctuations, attributed to distribution differences in the validation set, have minimal impact on
performance.

2) Asshown in Figure 5b, the training loss decreases monotonically, which indicates the effective capture of
underlying data patterns. The average training loss and standard deviation interval show consistent
convergence behaviour across five independent experiments. The validation loss follows the training loss,
stabilizing after 30 epochs without significant increase, confirming the model's generalization capability.
The standard deviation ofthe validation loss is notably narrower thanthat ofthe training loss, which shows
excellent experimental repeatability. Rapid initial convergence is observed within the first 10 epochs, with
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both training and validation losses stabilizing after 30 epochs, narrowing the gap between them, which
suggests a robust generalization boundary has been established in the feature space.
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Figure 5 — Training loss curves: a) Intent recognition task; b) Trajectory prediction task
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Figure 6 — Visualization of predicted trajectories: a) HV 1; b) HV 2; ¢) Pedestrian; d) Bicyclist

3) The results in Figure 6 show that the predicted trajectory closely matches the ground truth in both direction
and magnitude, which confirms the model’s ability to capture global motion patterns. Prediction deviations
occur mainly observed in turning areas. This is attributed to the limitations of scene dynamics or nonlinear
interaction modelling. Trajectory adjustments of turning areas are strongly correlated with interaction
parameters, e.g., relative speed and distance to surrounding participants. The effectiveness of the proposed
multimodal interaction feature fusion is proved. The robustness of the proposed model at an unsignalized
intersection is achieved by the multi-task joint optimization strategy, where intent recognition is trained
with cross-entropy loss and trajectory prediction is optimized using mean squared error loss.
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4) Theresults in Table 3 that HV intent is recognized with the highest accuracy and lowest prediction errors.
In contrast, bicyclist behaviour shows lower intent recognition performance and the highest trajectory
errors, likely dueto more dynamic and less rule-constrained motion. As aresult of higher speedsand larger
spatial displacement, even small directional deviations in vehicle trajectories can lead to significantly
larger errors in ADE and FDE. In contrast, pedestrians move more slowly and along constrained paths,
which leads to lower absolute displacement errors in these metrics. The effectiveness and the robustness
of the proposed model with scenario-sensitive prediction accuracy are again proved.

Table 3 — Performance comparison of participants

Intent recognition Trajectory prediction
Participant
Accuracy Precision Recall Fl-score | ADE@3sec(m) | FDE@3sec(m)
HV 0.974 0.959 0.974 0.971 0.48 0.66
Bicyclist 0.937 0.917 0.937 0.931 0.61 0.72
Pedestrian 0.951 0.922 0.951 0.948 0.45 0.55
Average 0.954 0.933 0.954 0.950 0.51 0.64

4.3 Ablation experiment

Ablation studies are conducted to evaluate individual module contributions and synergy effects, revealing
each component’s impact under controlled experimental conditions. The selected baseline methods include
representative classical and interaction-aware models that have been widely adopted in intent recognition and
trajectory prediction tasks.

Ablation experiment

Table 4 shows the ablation experiments results by sequentially removing key components-LSTM, (2+1)D
CNN, and BiCoBlock from the model. The main findings are summarized as follows.

Table 4 —Ablation experiment results

Module ADE FDE MSE | Accuracy | Precision | Recall | Fl-score
Bi-STANet 0.51 0.64 0.26 0.954 0.933 0.954 0.950
LSTM + BiCoBlock 0.71 0.93 0.48 0.904 0.887 0.892 0.889
(2+1)D CNN + LSTM 0.59 0.79 0.34 0.933 0.920 0.929 0.924
(2+1)D CNN + BiCoBlock 0.65 0.85 0.40 0.921 0.902 0.915 0.908

1) Removingthe (2+1)D CNN module results in a surge in trajectory prediction errors, with ADE increased
by 39.2% and FDE increased by 45.3%, which indicates the irreplaceability of spatial interaction features
for scene understanding. Furthermore, the F1-score in the recognition task is decreased by 6.4%, which
underscores the (2+1)D CNN’s key contribution to spatial information encoding.

2) Removing the BiCoBlock moduleresults in a relatively smaller increase in trajectory prediction errors,
with ADE rising by 15.7% and FDE increasing by 23.4%. However, the F1 -score in the recognition task
decreases by 2.7%, reflecting its auxiliary role in enhancing model robustness through spatiotemporal
interaction fusion.

3) Removingthe LSTM module results in a significant decline in trajectory prediction performance, with
ADEincreased by27.5%andFDE increased by 32.8%, whichindicates the necessity of temporal dynamic
modelling for capturing traffic participants’ behaviour evolution. In the intent recognition task, accuracy
and F1-score is decreased by 3.5% and 4.4%, respectively.

In all, the complete Bi-STANet model achieves optimal performance in both trajectory prediction and intent
recognition. The effectiveness of the multi-module collaborative mechanism is validated, where LSTM
captures long-term temporal dependencies, (2+1)D CNN effectively extractslocal spatiotemporal features, and
BiCoBlock enhances adaptability to unsignalized intersections through a bidirectional cross-attention
mechanism.
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Module synergy effect

Fourmodels are used to evaluate the modulesynergy, including the conventional LSTM+CNN model [29],
the CNN+Self-Attentionmodel [30], the LSTM+Self-Attentionmodel [3 1], and the proposed Bi-STANet. The
LSTM+CNN model represents a conventional spatiotemporal modelling approach that performs feature-level
fusion without interaction modelling. The CNN+Self-Attention model combines CNN with self-attention for
capturing global spatial relationships but lacks the capability to model temporal dependencies. The
LSTM+Self-Attention model integrates LSTM with self-attention to enhance temporal modelling but does not
incorporate spatial feature extraction. Table 5 shows the comparison of performances by four methods. The
main findings are summarized as follows.

Table 5 — Module synergy effect

Module ADE FDE MSE Accuracy | Precision Recall F1-score
Bi-STANet 0.51 0.64 0.26 0.954 0.933 0.954 0.950
LSTM+CNN 0.87 1.05 0.54 0.905 0.882 0.891 0.886
CNN+Self-Attention 0.93 1.12 0.59 0.892 0.871 0.879 0.875
LSTM+Self-Attention 0.89 1.07 0.56 0.913 0.890 0.898 0.894

1) Beyond individual temporal and spatial modelling, bidirectional interaction between temporal and
spatiotemporal feature streams is achieved by introducing the BiCoBlock module. By using Bi-STANet
model, ADE and FDE are decreased by 41.4%and 39.0%, respectively, and F1 -score is increased by 7.2%,
compared with the LSTM+CNN baseline model, which performs only feature-level fusion without
interaction modelling. These improvements validate the effectiveness of the proposed module synergy,
confirming that joint spatiotemporal interaction modelling significantly enhances overall performance.

2) Temporal dependency modelling is enhanced by integrating into Bi-STANet through LSTM. Bi-STANet
achieves a 45.2% reduction in ADE, a 42.9% reduction in FDE, and an 8.6% improvement in F1 -score,
respectively, compared with the CNN+Self-Attention baseline model, which lacks sequence modelling
capability. Furthermore, recall is improved by 8.5%, indicating that temporal dynamics are effectively
captured. These results confirm the necessity of temporal feature extraction in intent recognition and
trajectory prediction tasks.

3) (2+1)D CNN is employed for local spatiotemporal feature extraction to address the limitations in spatial
representation. Bi-STANet achieves a 53.6% reduction in MSE, a 4.8% improvement in precision,
compared with the LSTM+Self-Attention model, which lacks explicit spatial modelling. The precision of
trajectory prediction is enhanced. This highlights the importance of spatial context in modelling complex
motion patterns, especially in turning or interactive regions.

4.4 Sensitivity analysis

Sensitivity analysesare performed to investigate the effects of varying channel numbers, hidden layer sizes,
and attention configurations on model performance. The trade-offs between prediction accuracy and
computational complexity are systematically evaluated to guide optimal parameter selection.

Impact of channel and layer configurations on model performance

Figure 7 visually illustrates the variations in model performance and computational complexity and presents
the core performance metrics and the corresponding parameter counts by varying the number of convolutional
channels and LSTM hidden layers varies. The main findings are summarized as follows.

1) The performances are improved with the increase of the number of convolutional channels. Accuracy
reaches 0.954 and F1-score reaches 0.947 with the optimal configuration achieved at 32 channels.
However,beyondthis point, a sharprise in the parameter countis caused by further increases in the number
of channels, from 358 K to 952 K, which significantly increases computational complexity. The
performance improvements become marginal relative to the computational cost, which indicates
diminishing returns beyond 32 channels.

2) Similarly, model performances are affected by the number of LSTM hidden layers. An optimal balance
between performance and complexity is achieved by the model with 32 hidden layers, maintaining a

1064



Promet— Traffick Transportation. 2026;38(5):1053-1068. Safety and Security

parameter count of 358K. While consistent performance improvements are led by increasing the number
of layers from 16 to 32, diminishing returns are yielded by further increases in the number of layers. For
example, a minimal improvement in F1-score from 0.947 to 0.935 is achieved by increasing the layers
from 32 to 48, while the parameter counts increases from 358K to 625K.
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Figure 7 — Analysis of model architecture parameter combinations

Impact of attention configuration on model performance

Figure 8 illustrates the variations in model performance and computational complexity and presents the
model’s recognition performance metrics and parameter count by varying the number of attention heads and

)

2)

the dimension of each head. The main findings are summarized as follows.
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Figure 8 — Analysis of bidirectional attention mechanism parameter combinations

The model’s accuracy and F1-score are improved with the increase of the number of attention heads. The
optimal configuration achieved at4 heads. Beyond this point, a sharpincrease is observed in the parameter
count, whichleads to anotable rise in computational complexity. This results in diminishingretums, where
performance improvement becomes marginal relative to the increase in parameter count, which highlights
the trade-off between model accuracy and computational cost.

The optimal performance is achieved by the model with 4 attention heads and a head dimension of 32.
While performance is improved with the increase of the dimension from 16 to 32, diminishing returns are
yielded by further increases in dimension. Additionally, a significant increase in the parameter count is
observed as the dimension grows, which underscores the balance between enhancing model performance
and controlling computational complexity. An optimal balance is struck at 4 heads and 32 -dimensional

heads, maintaining a parameter count of 392K, which ensures both high accuracy and computational
efficiency.

Additionally, the computational complexity of the proposed model is determined mainly by the feature

extraction with cost O(7*d), the BiCoBlock attention mechanism with cost O(N?-/-d), and trajectory decoding
with cost O(7-d?). By constraining the attention configuration to /=4 and d=32, a favourabletrade-off between
representational capacity and computational efficiency was attained. The overall per-sequence complexity is
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O(T-N-d?), which scales linearly with sequence length and quadratically with agent count. This ensures
practical applicability in typical traffic scenarios with moderate agent density.

Moreover, the empirical evaluation demonstrates real-time inference capability across various deployment
environments. The inference time by the model is 21.6 ms within real-time requirements, where threshold is
50 ms. For edge deployment in autonomous vehicles,a 30% speed improvement is obtained via INT8
quantization, and latency is reduced to approximately 15 ms. Memory-efficient implementations enable
deployment on resource-constrained mobile platforms, achieving approximately 40 ms inference time while
maintaining competitive accuracy.

5. CONCLUSION

An unsignalized intersection with four types of participants is used as the studied object. A unified
modelling framework named Bi-STANet is proposed, which integrates temporal modelling, spatiotemporal
feature extraction, and interaction modelling. A grid-based spatiotemporal feature representation of
participants is constructed using a (2+1)D CNN, which factorizes 3D convolution into sequential 2D spatial
and 1D temporal operations to reduce computational cost while preserving modelling capacity, and a no vel
bidirectional interaction module, BiCoBlock, is introduced to enable deep fusion of temporal and
spatiotemporal features. Ablation studies confirm the individual contributions of each core module to overall
performance. Furthermore, parameter sensitivity analysis demonstrates that appropriate configurations of
channel number, hidden layer dimension, and attention settings can achieve a favourable balance between
prediction accuracy and computational efficiency. The advantages of the proposed method are as follows.
1) The multimodal spatiotemporal modelling is enhanced to improve intent recognition accuracy and

robustness through the proposed Bi-STANet model. LSTM and (2+1)D CNN are integrated to effectively
encode the historical motion sequences of traffic participants and the dynamic environments of
intersections. The incorporation of the BiCoBlock module facilitates deep bidirectional interactions
between temporal and spatiotemporal features. Furthermore, strong generalization performance is
demonstrated by the model under class imbalance conditions, which highlights its superior robustness and
adaptability in complex, real-world traffic scenarios.

2) Trajectory prediction precision is improved through the modelling of complex interactions. Experimental
results demonstrate that Bi-STANet significantly outperforms baseline models in terms of ADE and FDE.
Compared to the traditional LSTM+CNN architecture, ADE is reduced by approximately 41.4% and FDE
by 39.0%. The predicted trajectories closely align with the ground truth, particularly in complex turning
scenarios, validating the model’s effectiveness in capturing dynamic interactive behaviours.

3) The performance-efficiency trade-off is optimized through module synergy and parameter tuning
Ablation studies and parameter sensitivity analysis reveal the complementary roles of LSTM, (2+1)D
CNN, and BiCoBlock in spatiotemporal feature extraction and interaction modelling. The synergistic
integration of these modules substantially enhances overall model performance. Moreover, when the
number of CNN channels and LSTM hidden units is set to 32, and the number of attention heads,
dimension to 4, 32, respectively, Additionally, the proposed framework exhibits favourable computational
efficiency and real-time inference performance, enabling practical deployment across server, edge, and
mobile platforms.

There are some limitations that need to be improved. For example, the current model may experience
performance degradation when the traffic demand is high. The model’s robustness against malicious or
abnormal behaviours is limited, and such irregular behavioural patterns were observed to exacerbate
spatiotemporal decoupling, resulting in significant prediction errors and reduced system reliability. The
spatiotemporal decoupling strategy in (2+1)D CNN, although computationally efficient, is prone to
overlooking critical spatiotemporal interaction patterns and strong temporal dependencies in specific traffic
scenarios, e.g., deceleration decisions at intersection conflict zones. To address these challenges, the Bi-
STANet framework should be extended to accommodate multi-agent interactions in more diverse and
unstructured environments, incorporating multi-scale spatiotemporal fusion to capture both local and global
dependencies, applying positional conditioning to retain context-specific temporal dynamics, and diversifying
training scenarios to encompass higher-interaction and more complex traffic conditions. Moreover, the model
compression strategies e.g., pruning and attention-head reduction should be explored to reduce computational
load and support real-time deployment on edge devices.
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