
 

 
 

   
eISSN 3107-099X Data Engineering and Applications Vol.4, No.2, 2025 

 

 
Motion Prediction in Crowded Spaces Based on Multi-Sensor Fusion and 
Reinforcement Learning 
 
Nikola Popović1, *, Goran Blagojević2 and Čedomir Radošević2 

1 Faculty of Computer Science, University of Novi Sad, Novi Sad, 21000, Serbia 
2 Faculty of Information Science, State University of Novi Pazar, Novi Pazar, 36300, Serbia 
*Corresponding author: nikola.po@pf.uns.ac.rs 
 

Abstract. In this study, the topic of motion prediction in congested environments is addressed using multi-sensor fusion 
and reinforcement learning. To guarantee the reliable connection of a high-frequency LiDAR, a high-resolution RGB camera, 
and an Inertial Measurement Unit for real-time observation of intricate crowd behavior, a high-level system architecture has 
been constructed. Attention-based adaptive aggregation is the first kind of feature fusion, while a crowd-considering 
reinforcement learning module is the second. The suggested approach outperformed the top-performing benchmark 
algorithms by 19% to 24%, with an average displacement error of 17.3 cm in low-density areas and 25.4 cm in high-density 
areas based on the evaluation findings of the standard and real-world urban datasets. Additionally, the model has good 
robustness; the final displacement error in unseen, obstructed settings is still less than 27.1 cm, and the forecast accuracy 
decreases by no more than 12% in a noisy environment or after a sensor dropout. The technique can be reliably applied in 
the fields of intelligent transportation and robot navigation in unpredictable situations, according to the aforementioned 
trials. 
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Introduction 
Intelligent transportation systems, urban robotics, and other social navigation platforms now need to predict 
human movement in a crowded and dynamic environment [1]. The first is that it can forecast pedestrian and 
mobile agent movements in real time in situations including crowded areas, unexpected obstacles, and erratic 
behavior [2]. In order to guarantee safety, effectiveness, and decision-making, autonomous agents in public 
spaces today need stable trajectory prediction in the face of such unfavorable circumstances as cities have grown 
and traffic has increased [3]. While raw perception and localization have advanced significantly due to 
improvements in sensing hardware, such as LiDAR, RGB cameras, and inertial measurement units (IMUs) [4], it 
is still challenging to extract meaningful, predictive knowledge from this data. It is impossible to gain a 
comprehensive and accurate understanding of the environment because the various types of sensors are not 
completely synchronized and have different fields of observation [5]. Given the aforementioned considerations, 
there is an urgent need for innovative methods to integrate data from various sources and investigate collective 
motion at various sizes [6]. 

Consequently, multi-sensor fusion has been applied to improve uncertainty reduction's granularity and 
resilience [7]. In order to overcome the shortcomings of single-sensor systems in cluttered and occlusion-prone 
situations, jointly process visual, spatial, and motion information for deeper context modeling [8]. Nevertheless, 
there are certain technological issues with the process, including dynamic weight assignment, real-time 
synchronization, and a lot of data from many sources [9]. Traditional estimating methods like particle and 
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Kalman filtering are not the best when the measurement noise is non-Gaussian or the environment changes 
suddenly [10]. Few frameworks have successfully replicated social behavior or agent-to-agent interaction, and 
the majority of the best frameworks nowadays concentrate on either spatial accuracy or temporal consistency, 
but seldom both [11]. In the context of noisy observations and delayed feedback, reinforcement learning (RL) 
has recently been successfully used to optimize navigation and prediction policies [12]. In order to increase 
adaptation and robustness over conventional models, RL-based systems learn to make decisions depending on 
the current state and strive to maximize the accumulated reward [13]. The integration of high-dimensional 
sensor fusion with temporally consistent and socially responsible motion forecasting still faces numerous 
challenges, despite its promise [14]. To create high-performance, comprehensible, and generalizable algorithms, 
research from a variety of disciplines is also required [15]. 

In order to solve motion prediction in congested environments, this research proposes a novel framework for 
adaptive attention-based multi-sensor fusion and reinforcement learning. To overcome noise-induced 
uncertainty and the limitations of earlier single-modality or heuristic approaches, robust context inference and 
dynamic trajectory development should be strengthened. It is also hoped that the issues with crowd-aware 
forecasting systems in actual urban and robotic applications would be resolved in a way that is more 
generalizable, comprehensible, and useful. 

Related Work 

Multi-Sensor Fusion in Dense Environments 

For autonomous vehicles operating in crowded and dynamic environments, multi-sensor fusion technology has 
been used to improve perception robustness and environment model dependability. Because LiDAR, cameras, 
and IMUs have varied sensing strengths and shortcomings, they are frequently employed in tandem [16]. LiDAR 
is used to get depth information and a high-precision 3D map; however, it performs poorly in inclement weather 
or when there is a lot of occlusions [17]. Although cameras offer copious visual data and are semantically rich, 
many people can obstruct them and they are sensitive to changes in light [18]. IMUs lack direct access to 
environmental context and are prone to accumulating long-term drift, yet they can be employed for inertia 
tracking without visual obstacles [19]. Several heterogeneous modalities have been used to create a more 
reliable all-weather perception system in order to solve the individual shortcomings of the different sensors [20]. 

However, there are significant technological issues with sensor fusion in heavily populated areas. Heterogeneous 
data streams are typically acquired asynchronously, and before they can be combined, time and space must be 
exactly aligned [21]. When the moving objects are near each other or cross paths, there will also be occasional 
occlusion and other kinds of measurement mistakes [22]. When the noise statistics of the simple dynamic scene 
are available, an extended Kalman filter is usually selected for the first kind of fusion approach, which is a 
probabilistic model [23]. Deep learning-based fusion architectures have become more sophisticated, and 
learned attention mechanisms and feature encoding may now be employed to automatically reweight and 
prioritize sensory inputs [24]. Even though these systems have demonstrated improved performance in 
nonlinear, context-sensitive, and crowded contexts, issues with real-time processing, scalability, and 
dependability in the face of unforeseen failures persist [25]. 

Reinforcement Learning for Trajectory Prediction 

Another kind of motion prediction is called Reinforcement Learning (RL), which can learn how to behave in a 
given setting by maximizing a long-term reward and getting feedback from the environment [26]. An RL agent 
will learn adaptively by trial-and-error by interacting with a changing environment because traditional 
supervised models are not employed in this situation [27]. Hard-coded rules are less useful for navigation due 
to the large number of people and dynamic behavioral changes in the region [28]. 

By avoiding collisions and maximizing route efficiency in the presence of shifting impediments and different 
objectives for agents, RL-based agents are utilized for dynamic path planning in practice to continuously improve 
their movement strategies [29]. An extension of this concept is socially-aware reinforcement learning (RL), which 
can learn about unspoken cooperation, respect group behavior, and adapt to shifting crowd navigation patterns 
[30]. Despite their potential, reinforcement learning algorithms typically require a large number of training 
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samples, are sensitive to reward function design and environment modeling, and may converge slowly or 
unstably in multi-agent scenarios. For speeding up policy training, hybrid frameworks incorporating trajectory 
priors or imitation learning have demonstrated strong performance and resilience in both simulated and real-
world scenarios. Nevertheless, there are still issues with integrating reliable functioning in unrestricted, real-
world crowds with high-performance simulation. 

Recent Advances in Intelligent Perception and Navigation 

Currently, a single structure has been used to combine perception and decision-making in an autonomous 
driving system. End-to-end frameworks that integrate sequential reasoning and prediction with multi-modal 
feature extraction have started to emerge recently. Graph Neural Networks (GNNs) have demonstrated good 
performance in capturing the social structure and emergent group behavior of dense crowds, as well as modeling 
agent-to-agent relationships. Transformers are self-attention systems that have demonstrated gains in 
prediction accuracy and adaptability for unstructured data in recent times. 

Recent research has expanded the use of multi-task learning to concurrently train models for perception, 
localization, and trajectory optimization. As a result, these systems are now more resilient to environmental 
changes and may be applied to other domains. Techniques that improve a system's generalization and resilience 
to distributional shifts and uncommon corner instances include curriculum learning, transfer learning, and 
unsupervised representation extraction. Uncertainty and complexity in the real operation of autonomous cars 
must now be addressed due to the need for more interpretable, scalable, and generalizable models. Thus, the 
convergence of multi-sensor fusion with reinforcement learning to create reliable and adaptable motion 
prediction for dense, real-world situations is currently a major area of research. 

Methodology 

System Architecture and Workflow 

The modularized pipeline that forms the basis of the suggested crowd motion prediction system is incredibly 
quick and stable in crowded or constantly changing urban and indoor environments. The core of this is a high-
throughput multi-sensor array that combines drift-resistant inertial measurement units to guarantee accuracy 
in situations of occlusion or high object density, fine-grained semantic recognition offered by high-dynamic-
range stereo and RGB imaging modules, and three-dimensional spatial mapping capabilities with LiDARs. These 
are physically dispersed to minimize blind spots and maximize coverage of non-redundant fields. A low-jitter 
clock distribution and timestamp protocol are used to accomplish synchronization. Before the first fusion, 
random electromagnetic interference (EMI) and burst noise are suppressed by hardware-level noise reduction 
using analog-to-digital converters (ADCs) at the signal source. 

The software stack collects time-synchronized sensor packets into atomic observation windows and arranges 
data flow using an event-driven scheduler. In a hybrid CPU-GPU streaming architecture, these are routed to a 
hierarchical pre-processing engine for photometric normalization, cross-sensor depth registration, and spatial 
sampling. Adaptive perspective integration is another type of special; all sensory data are re-projected into a 
dynamic occupancy grid that fits closely. The degree of occupancy in each cell is determined using probabilistic 
forward models, which also dynamically modify the weight of fusion in response to changes in relative visibility 
among sensors brought on by crowding, weather, differences in ambient light, etc. 

The initial collected data will then be transformed into smaller, more expressive feature vectors using a number 
of feature-extraction modules. The spatially resolved point clouds, visual frames, and inertial signals are encoded 
into modality-specific latent vectors using parallel deep sub-networks, which are then optimized to maximize 
mutual information across time and space. After that, real-time iterative pose refinement is utilized to map the 
resultant feature flows onto a single reference frame. When GPS or SLAM signals are available, an extended 
Kalman update that is dynamically regularized for drift is employed. 

The first is a motion prediction closed-loop perception-prediction-feedback control circuit. Using an uncertainty-
driven attention mechanism, aggregate and selectively improve the environmental feature representations 
before feeding them into the decision network. Here, the network's gating functions are dynamically informed 
by Bayesian inference modules that assess sensor noise covariance. Deep policy roll-out modules provide multi-
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agent hypotheses for the future trajectory, and the "perception–prediction–action" cycle is modulated by 
continuous feedback on the short-term prediction error. Actuators or human-machine interface controllers 
close the loop with hardware. 

A high-bandwidth, multi-threaded bus handles all interactions in signal digitization and inference output, with a 
guaranteed round-trip latency of less than 50 ms under stress-tested densities surpassing 150 mobile agents. 
Because the entire stack is built for fault isolation, asynchronous execution, and smooth performance 
degradation, individual sensor or software module failures can be concealed or dynamically compensated for. 
The structure and real-time information flow of important functional modules and data streams are depicted 
throughout the system workflow in Figure 1. A decision will be taken at any point during the raw signal gathering 
process after processing in this loop. Depending on this decision, appropriate motions and other dynamic 
responses can be started to guarantee accurate forecasts or prolong observation times. 

 
Figure 1. Framework for multi-sensor fusion and reinforcement learning-based crowd motion prediction.  

Multi-Sensor Data Processing and Feature Extraction 

The multi-sensor processing pipeline commences with temporal alignment, vital for associating independent 
LiDAR, stereo camera, and IMU streams within urban crowd environments. LiDAR operates at 32 lines and 20 
Hz, stereo cameras at 4 K/30 Hz , and IMU arrays at 200 Hz. Effective sensor fusion mandates that each 
measurement be mapped to a global system clock; here, submillisecond precision is achieved by fusing the 
device timestamps and interpolating sample pairs onto a unified event schedule. Given the typical 18 ms camera-
to-LiDAR latency, temporal interpolation is articulated through Gaussian-weighted least-squares optimization. 
The aligned signal window, 𝒳𝒳𝜏𝜏, aggregates all modality readings within a 50 ms window centered at system cycle 
𝑡𝑡 : 

𝒳𝒳𝜏𝜏(𝑡𝑡) = �  
𝑡𝑡+𝜏𝜏/2

𝑡𝑡−𝜏𝜏/2
�  
𝑠𝑠

𝑤𝑤𝑠𝑠(𝛿𝛿) ⋅ 𝑥𝑥𝑠𝑠(𝑡𝑡 + 𝛿𝛿)𝑑𝑑𝑑𝑑 Eq.(1) 

where 𝑤𝑤𝑠𝑠(𝛿𝛿) is a Gaussian kernel, and 𝑥𝑥𝑠𝑠 is the input for the 𝑠𝑠 th sensor. 

In the face of increasing distortion or dynamic scene changes, spatial calibration preserves the spatial 
consistency of high-density point clouds, image-stream detections, and inertial samples. By calculating a 
weighted sum of Mahalanobis distances using a dynamic covariance matrix, a robust optimization approach 
continuously lowers the difference between anticipated camera landmarks and LiDAR centroids: 

ℒcalib = ∑𝑖𝑖=1
𝑁𝑁  �Σ𝑖𝑖

−1/2�𝐲𝐲𝑖𝑖cam − 𝐓𝐓LiDAR → cam 𝐲𝐲𝑖𝑖LiDAR��2
2
 Eq.(2) 

In practice, the mean extrinsic re-projection error is reduced below 1 cm. 
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Each modality's feature mapping is realized by purpose-built encoders: LiDAR spatial features through 3D 
convolutions, camera-based semantic descriptors via deep residual networks finetuned on dense crowd scenes, 
and IMU sequences through temporal convolutions capturing rapid pose changes. The compact representations 
from each sensor, denoted 𝐡𝐡LiDAR ,𝐡𝐡cam , and 𝐡𝐡IMU , are concatenated and projected into a unified latent 
representation by a learned fusion function: 

𝐟𝐟fused = Ψ([𝐡𝐡LiDAR ;𝐡𝐡cam ;𝐡𝐡IMU ]) Eq.(3) 
where Ψ is implemented as a non-linear mapping optimized for mutual information maximization. 

Adaptive feature fusion is also used. Create a fused context vector at that time step by dynamically reweighting 
each vector based on its conditional entropy and distance from the center: 

𝐜𝐜𝑡𝑡 = � 
3

𝑗𝑗=1

𝛼𝛼𝑗𝑗(𝑡𝑡)𝐡𝐡𝑗𝑗 Eq.(4) 

where attention weights 𝛼𝛼𝑗𝑗(𝑡𝑡)  are computed via a softmax over a learned compatibility score function 
dependent on the current scene configuration and prior sequence statistics, and ∑  𝑗𝑗 𝛼𝛼𝑗𝑗(𝑡𝑡) = 1. 

To preserve the temporal evolution and integrate the new aggregated feature with the memory from the 
previous cycle and the current time step, a gated recurrent unit is employed. The following is the Update 
function: 

𝐳𝐳𝑡𝑡 = 𝜎𝜎(𝐖𝐖𝑧𝑧[𝐜𝐜𝑡𝑡 , 𝐳𝐳𝑡𝑡−1,Δ𝑡𝑡] + 𝐛𝐛𝑧𝑧) Eq.(5) 
where 𝜎𝜎 is a non-linear activation, 𝐖𝐖𝑧𝑧 and 𝐛𝐛𝑧𝑧 are trainable parameters, and Δ𝑡𝑡 is the current interval. 

In field tests with up to 120 tracked agents, a pipeline has been built to produce high-quality spatial-temporal 
feature vectors every 50 ms with reference-frame drift less than 0.9 cm, a semantic class IoU greater than 0.82, 
and a system-wide effective prediction latency of less than 45 ms per cycle. In densely populated metropolitan 
regions, the high-fidelity, thoroughly integrated features mentioned above provide a robust foundation for the 
subsequent predictive policy development. 

Deep Fusion Network and Reinforcement Learning Module 

At the core of the approach is a deeply integrated fusion network, engineered for complex urban scenarios 
marked by high agent density and noisy observations. The system accepts the spatio-temporal feature vector 𝐳𝐳𝑡𝑡 
output by the fusion pipeline and decomposes it into modality-specific branches. Each branch processes 
features-whether from LiDAR, image, or IMU-through a learned non-linear transformation to generate a 
modality embedding: 

𝐡𝐡𝑖𝑖 = ReLU(𝐖𝐖𝑖𝑖𝐳𝐳𝑡𝑡 + 𝐛𝐛𝑖𝑖) Eq.(6) 
where 𝐖𝐖𝑖𝑖  and 𝐛𝐛𝑖𝑖  are the trainable weight and bias for modality 𝑖𝑖. 

To prioritize salient information dynamically, an attention score for each modality is computed by mapping 
embedded features into a joint context: 

𝑎𝑎𝑖𝑖 = 𝐮𝐮⊤tanh (𝐕𝐕𝐡𝐡𝑖𝑖) Eq.(7) 
A softmax normalizes the attention scores, generating the modality weights: 

𝛼𝛼𝑖𝑖 =
exp (𝑎𝑎𝑖𝑖)

∑  𝑗𝑗  exp �𝑎𝑎𝑗𝑗�
 Eq.(8) 

The fused context vector combines individual branches as a weighted sum: 

𝐡𝐡𝑐𝑐 = � 
𝑖𝑖

𝛼𝛼𝑖𝑖𝐡𝐡𝑖𝑖 Eq.(9) 

These unified features enter an interaction graph, where for agent 𝑘𝑘, updated node descriptors are formed as: 
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𝐠𝐠𝑘𝑘 = ReLU��  
𝑙𝑙

 𝑤𝑤𝑘𝑘𝑘𝑘𝐡𝐡𝑙𝑙� Eq.(10) 

Weights 𝑤𝑤𝑘𝑘𝑘𝑘  reflect trainable proximity and interaction strength. 

Temporal structure is incorporated through gated recurrent computation: 

𝐬𝐬𝑡𝑡 = 𝜎𝜎(𝐔𝐔𝐡𝐡𝑐𝑐 + 𝐕𝐕𝐬𝐬𝑡𝑡−1) Eq.(11) 
where 𝜎𝜎 is a nonlinear gating function. 

The encoded state predicts agent position at the next time step via a linear transformation: 

𝐱̂𝐱𝑡𝑡+1 = 𝐀𝐀𝐬𝐬𝑡𝑡 + 𝐛𝐛 Eq.(12) 
For uncertainty modeling, an additional prediction stream yields a mean and covariance to form a Gaussian 
envelope: 

𝑝̂𝑝𝑡𝑡+1 = 𝒩𝒩(𝐱̂𝐱𝑡𝑡+1,𝚺𝚺𝑡𝑡+1) Eq.(13) 
Within the reinforcement learning framework, the action policy is defined on this latent state, selecting discrete 
action 𝑎𝑎𝑡𝑡 according to: 

𝜋𝜋(𝑎𝑎𝑡𝑡 ∣ 𝐬𝐬𝑡𝑡) =
exp �𝑞𝑞𝑎𝑎𝑡𝑡�
∑  𝑏𝑏  exp (𝑞𝑞𝑏𝑏) Eq.(14) 

where 𝑞𝑞𝑎𝑎𝑡𝑡  indicates the quality value for action 𝑎𝑎𝑡𝑡. 

In complex and busy situations, the aforementioned structure will be able to combine all of the sensing modules, 
social context data, and agent interactions into a single end-to-end pipeline for reliable multi-agent trajectory 
forecasting and policy learning. 

Experiments 

Experimental Setup and Evaluation Metrics 

The two experimental platforms were urban transportation hubs and controlled indoor robotics laboratories 
measuring 40 m by 25 m. Eight synchronous FLIR Blackfly 4K RGB cameras, six Bosch BMI270 IMU modules, and 
four Velodyne HDL-32E LiDAR units were coupled to a distributed edge computing architecture with dual NVIDIA 
RTX A6000 GPUs and a latency-monitored 10 Gbps backbone for real-time data transfer. In order to fully handle 
collision, occlusion, and high-throughput navigation scenarios, the crowd-tracking area's environment density 
was actively varied between 50 and 200 mobile human subjects. 

For benchmarking, two sets of carefully chosen public datasets and unique field collections were utilized. The 
initial datasets are the TrajNet benchmark, ETH, and UCY (which contains subscenes of Zara and Univ). For real-
world generalization, MetroCrowd is a new dynamic dataset that has recorded over 14,000 distinct agent 
trajectories in various light, weather, and crowd-flow scenarios. All data collection was strictly calibrated, and 
the cross-sensor registration error was lowered to less than 1.1 cm (mean) through the use of a global marker 
array and recurring extrinsic recalibration. 

A comprehensive evaluation methodology assessed a number of prediction capability markers. The trajectory 
error is measured in centimeters over a six-second forecast window using Average Displacement Error (ADE) 
and Final Displacement Error (FDE). Collision frequency per forecast and missed detection rate were used to 
assess scene-level effectiveness. Trajectory smoothness indices and normalized dynamic time warping (nDTW) 
were used to further evaluate temporal consistency and stability across long trial durations. Simultaneously, 
during the automatic assessment, a professional annotator performed a qualitative analysis and assessed the 
scenes' comprehension and behavioral appropriateness using a standard Likert scale. Figure 2 depicts the 
hardware mapping, agent flow, and scenario geometry. 
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Figure 2. Physical configuration of the experimental scenario with indicated LiDAR placements, overlapping camera views, active IMU 

tracking zones, major pedestrian ingress/egress points, and the spatial grid used for quantitative evaluation. 

Ablation Studies and Model Variants 

To ascertain the contribution of each type of sensor and the attention-based fusion layer in the entire framework, 
systematic ablation was performed. Three sets of sensor configurations were employed to assess the synergistic 
benefits of multiple sensors: (a) full modality (LiDAR + RGB + IMU), (b) vision-inertial alone (RGB + IMU), and (c) 
LiDAR-only operation. In both static and dynamic density regimes, the full-sensor arrangement decreased ADE 
by 18–33% as compared to reduced-modality baselines. The loss of context-adaptive reweighting under 
occlusion was the main cause of the mean degradation of 0.13m in long-horizon FDE when the attention fusion 
mechanism was removed, returning to the naïve concatenation. 

Three variations of the reinforcement learning module were examined: (i) fully end-to-end RL optimization; (ii) 
RL with ablated reward shaping, which eliminates terms related to intent alignment and social conformity; and 
(iii) basic supervised imitation without policy optimization. In previously unreported crowd flow data from the 
MetroCrowd field, the end-to-end RL configuration demonstrated the best stable performance and decreased 
the collision rate by more than 41% as compared to supervised-only updates. 

For statistical reliability, each ablation test was conducted at least 20 times using a different beginning seed, and 
the average variance of the error indication was kept at less than 0.015. Models without an attention fusion 
block were found to be comparatively more brittle based on the aforementioned inspection results, particularly 
in dense hostile environments with frequent occlusions and agent surges. An adaptive policy update method 
based on experience is required for dynamic public space navigation since reinforcement learning has a 
significant impact in situations of real-time nonstationarity and changing agent behavior previously. 

Experimental Summary and Conclusions 

Experiments have demonstrated that high-frequency, tightly-aligned multi-sensor fusion, adaptive feature 
weighting, and reinforcement-based optimization are necessary to accurately and consistently forecast 
trajectories in dense social contexts. All of these indices have shown improvements in both ADE and FDE, and 
collision rates have significantly decreased under various operating settings; as a result, the new system is 
comparatively stable. It is noteworthy that the integration of all modalities resulted in a significant improvement 
in average performance in all scenarios, with enhanced resilience to weather and visual clutter in particular. 

Additionally, ablation analysis has demonstrated the great efficacy of the attention-enhanced fusion block and 
the combination of reinforcement learning for online adaptation and policy resilience. When faced with new 
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density increases or behavioral shifts, models that have not incorporated these principles have consistently 
failed to reflect the dynamics of a crowd and exhibit an intrinsic fragility. In conclusion, the system's new 
technologies can offer a solid foundation for developing a large-scale implementation of crowd-aware prediction 
in robotics and intelligent transportation systems. 

Results and Analysis 

Quantitative Evaluation and Baseline Comparison 

In the quantitative experiment for this work, four existing superior methods—Social-GAN, Trajectron++, SFM-
Net, and a conventional Kalman-based multi-sensor fusion tracker—have been chosen as benchmarks. The 
experiments are carried out on the ETH and UCY datasets in addition to our MetroCrowd scenario. A comparison 
of trajectory prediction accuracy in terms of average displacement error (ADE) and final displacement error (FDE) 
is presented in Figure 3. The subplots are grouped according to agent density, interaction complexity, and time 
horizon. 

As illustrated in Figure 3(a), our approach has an ADE of 17.3 cm for low-density environments (less than 80 
agents per scene), which is 0.6 cm less than Trajectron++ and 24% better than Social-GAN. The suggested 
model's ADE climbs to 25.4 cm once agent density rises over 150, and this performance is still roughly 19% better 
than all classical and learning-based benchmarks. As seen in Figure 3(b), our model maintains the FDE below 32 
cm in high-complexity scenarios when stratifying FDE by the mean interaction complexity per agent (low, 
medium, and high; measured by local encounter entropy). However, comparison methods significantly increase 
over 40 cm, failing to take context into account. Figure 3(c) also displays the trajectory forecast length; all 
baselines exhibit compounding error growth after the fourth second, although the prediction error is 
comparatively steady up to a six-second horizon. 

 
Figure 3. Comparative prediction accuracy across methods. (a) ADE vs. agent density; (b) FDE vs. interaction complexity; (c) error across 

time horizon. 
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The particular deterioration of the baseline algorithm in unfavorable circumstances is depicted in Figure 4. As 
illustrated in Figure 4(a), occlusion results in a slight increase in the ADE of our architecture; that is, blocking up 
to 32% of the camera's field of view only produces a 5% increase in ADE, whereas SFM-Net and traditional fusion 
approaches experience more than 27% error inflation under the same occlusion. The increase in FDE for our 
approach is only 14% under dynamic crowd surges and intentional sensor dropouts (Figure 4(b)), while the next-
best options rise by more than 31%. Sensor noise is displayed in Figure 4(c), and the LiDAR returns have been 
supplemented with a Gaussian noise with a standard deviation of 0.09 m. Despite this disruption, our projected 
ADE only rises by 12%, while the others fall by over 20%. 

 
Figure 4. Baseline-specific performance under adverse and perturbed conditions. (a) occlusion sensitivity; (b) sensor dropout and dynamic 

surges; (c) response to simulated LiDAR noise. 
 

The data demonstrates that the system's accuracy and generalization have increased; its learnt context adaption 
and fusion process have produced a small variation and great resilience to dynamic and sensor-derived 
uncertainty. According to the experiment mentioned above, the new approach can continue to achieve a 
comparatively high accuracy rate in situations including intricate multi-agent interactions and dense scenes. It 
generalizes well since the performance is typically the same throughout a range of trajectory lengths. The 
model's adaptive context fusion and reinforcement learning mechanisms work together to prevent error 
amplification and maintain forecast accuracy in the face of all these conditions, including a relatively high degree 
of occlusion, increased sensor noise, and abrupt changes in crowd density; all tested baselines were exceeded 
in this regard. 



Motion Prediction in Crowded Spaces Based on Multi-Sensor Fusion and Reinforcement Learning 
https://doi.org/10.64972/dea.2025.v4i2.2417d:86-100 

95 
 

Ablation Study and Robustness Analysis 

The fundamental design decisions and stability of the system under stress are examined using ablation and 
robustness analysis. Figure 5 compares the three reduced versions with the full deployment and illustrates the 
impact of eliminating each key component. Dynamic reweighting is necessary to preserve the prominence of 
prominent elements in dense occlusion because, as Figure 5(a) illustrates, the mean ADE rises rapidly to 23.5 cm 
under the packed rush-hour test segment without eliminating attention-based fusion. The results of eliminating 
the reinforcement learning policy layer are displayed in Figure 5(b); in this case, FDE surpasses 42 cm in volatile 
crowd flow, more than doubling the full-model result, and substantial policy drift happens in the absence of 
adaptive optimization. The baseline supervised-only form is less appropriate for managing changes in scene 
composition and agent behavior since it exhibits notable error spikes in transition scenes, as seen in Figure 5(c). 

 
Figure 5. Ablation study of principal fusion and policy modules. (a) Mean ADE with and without attention-based fusion. (b) FDE under 

removal of reinforcement learning policy. (c) Error rates for baseline supervised-only variant. 
 

The system's performance in the presence of unpleasant settings and perceptions is depicted in Figure 6. The 
average error when randomly removing one or more sensor channels is displayed in Figure 6(a). The full model 
maintains ADE rises around 12%, however when only half of the input streams are accessible, both the "no 
attention" and "no RL" models exhibit error increases above 29%. The packet loss and camera occlusion stress 
tests in Figure 6(b) mimic real-world communication bottlenecks and abrupt scene obstructions; in this case, the 
integrated framework's FDE climbs gradually without the acute instability seen in the alternative baselines. 
Redundancy and adaptive recovery mechanisms are desperately needed, as Figure 6(c) demonstrates that LiDAR 
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returns deteriorate under severe simulated rainfall; the robust pipeline's ADE rises from 19.7 cm to 24.1 cm, and 
the ablated alternatives show notable deviations of more than 30 cm. 

 
Figure 6. Robustness under partial sensor loss and environmental stress. (a) ADE as a function of randomly dropped sensor streams. (b) 

FDE with injected communication packet loss and camera occlusion. (c) Average ADE across simulated heavy rainfall events. 
 

Performance examination of the primary model variations reveals that in uncertain or unfavorable operating 
situations that necessitate extensive contextual inference, the prediction error increases dramatically and 
nonlinearly in the absence of adaptive fusion or reinforcement learning. In the event of signal loss, crowd surges, 
and abrupt environmental disruptions, the entire system can handle varying degrees of sensory degradation 
while maintaining the accuracy and continuity of anticipated agent trajectories. It is evident from the mean ADE 
and FDE values at every trial point that the system has a great ability to compensate for errors, particularly when 
there are abrupt changes in the population composition or dynamic failures of the input channels. The 
aforementioned resilience demonstrates that, for instance, technical support for flexible feature reweighting 
and online adaptive policy modules would be needed when transitioning from controlled benchmark tests to 
unpredictable, unstructured field applications. 

Generalization Performance  

As seen in Figure 7, three new deployment regions were chosen, and their predicted accuracy and trajectory 
consistency were assessed in order to test the system's generalization to situations not included in the original 
training data. Even with an agent density exceeding 160 and multiple flow bifurcations towards different exits, 
the model-maintained tracking precision and mean ADE remain below 23.2 cm when applied to the multi-exit 
city plaza, as shown in Figure 7(a). Under the same flow conditions, the baseline model's error exceeded 36 cm 
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[31]. The covered transit station concourse in Figure 7(b) exhibits aggregate motion with sporadic occlusion and 
frequent directional changes. The system's FDE stayed below 27.1 cm, which is much less than 40 cm or more 
for the best-performing alternative methods, particularly during cluster split and merge events [32]. The 
dynamic outdoor festival scene displayed high variability and abrupt spikes in local density, as seen in Figure 7(c); 
during chaotic dispersal and re-convergence, the model maintained an average accuracy margin of up to 18% 
over other methods for a six-second prediction horizon [33]. 

 
Figure 7. Generalization of trajectory forecasting methodology beyond training environments. (a) ADE and FDE across extended duration in 

a multi-exit city plaza, (b) error dynamics within a covered transit station with architectural occlusion, (c) predictive performance during 
dynamic crowd surges at an outdoor festival. 

 
According to analysis, the majority of the sporadic transient mistakes are brought on by abrupt large-scale 
occlusion or acceleration near the sensing area's edge [34]. When fresh context becomes available, the model 
will swiftly recover from these deviations, which are often transient [35]. Stable trajectory prediction can be 
accomplished even in the presence of significant shifts in distribution and other environmental changes, as 
demonstrated by the stable performance of all uncalibrated operational environments, which shows that 
adaptive feature weighting and continuous policy alignment have been realized [36]. The system will be 
appropriate for practical use since it has demonstrated good performance in sustaining prediction accuracy 
under a variety of crowd patterns and novel scene geometries [37]. Furthermore, the findings demonstrate that 
the suggested architecture is also reasonably robust when applied to multi-sensor data from various 
metropolitan locations and traffic situations [38]. The system's robust operation in the face of a sudden rise in 
agent density and sensor dropout has further demonstrated its capacity to swiftly adapt to a new environment 
[39,40]. 



Motion Prediction in Crowded Spaces Based on Multi-Sensor Fusion and Reinforcement Learning 
https://doi.org/10.64972/dea.2025.v4i2.2417d:86-100 

98 
 

Conclusion 
The first is a comprehensive study aimed at advancing motion prediction in crowded, dynamic settings. The 
novel system has created a cohesive framework to tackle the theoretical and practical issues in crowd-aware 
navigation by combining attention-based multi-sensor fusion with reinforcement learning-driven trajectory 
optimization. This system's ability to set changing weights for cross-modal sensory data, its comparatively high 
speed, and its widespread use in examining shifts in group conduct and social interaction behavior across time 
are typical characteristics. 

This approach has established a high standard for prediction accuracy and robustness to sensor failure, and it 
can generalize to situations not experienced during training, according to studies conducted in a variety of 
synthetic and real-world conditions. A reinforcement learning module will be used to continually optimize the 
policy and increase resilience against changes in crowd behavior, and an adaptive feature aggregation technique 
is required to accommodate a high rate of occlusion and dense agent flow. These new findings demonstrate 
both the stability of the error and the viability of use in intelligent transportation systems, human-robot 
cooperation platforms, and public security, based on the previously reported ablation studies and robustness 
testing. 

In the future, a number of options will be selected in light of the engineering and operational requirements. It is 
necessary to create a high-density sensor network while simultaneously lowering the hardware cost and 
resource consumption. Boost the building's ability to respond to both abrupt changes in circumstances and 
unanticipated behavioral shifts. The gap between theory and practice has started to close thanks to additional 
research in the fields of transfer learning, edge-oriented efficiency, and human-in-the-loop decision architecture, 
which can offer scalable and trustworthy crowd-aware prediction for next-generation autonomous driving 
systems. 
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