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ARTICLE INFO ABSTRACT 
Urban traffic perception systems must process complex visual scenes under changing weather, 
illumination, density, and object scale. Transformer-based perception models provide strong 
contextual modeling, but their computational cost limits real-time deployment on vehicle-
grade hardware. This study explores scene-adaptive token budgeting for efficient urban traffic 
perception. We develop the Scene Token Budgeting Transformer (STBT), which estimates the 
required token budget from scene complexity indicators, including object density, lane-
boundary uncertainty, foreground motion, and low-light degradation. Simple road scenes are 
processed with a reduced token budget, while crowded intersections, nighttime frames, and 
scenes with small vulnerable road users retain more visual tokens. The evaluation was 
organized around driving conditions rather than only dataset averages. Experiments used 
Cityscapes, BDD100K, and nuScenes camera data, with 196,000 annotated frames, 1.84 
million object boxes, and 25 semantic road categories. In clear daytime road scenes, STBT 
reduced token computation by 46.2% with only a 0.3-point decrease in detection mAP. In 
rainy-night scenes, the model automatically retained 71.5% of foreground-related tokens and 
limited mAP loss to 1.1 points. On an NVIDIA Orin automotive platform, end-to-end 
perception latency decreased from 62.8 ms to 41.6 ms per frame. Pedestrian and cyclist recall 
at distances above 35 meters improved by 3.4 points compared with a fixed-ratio pruning 
strategy, mainly because the token budget was preserved for small foreground objects. The 
results indicate that scene-level token budgeting can support real-time traffic perception while 
maintaining safety-sensitive detection performance. 
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1. Introduction 
Urban traffic perception is a fundamental component of autonomous driving and intelligent 

transportation systems. It supports a wide range of tasks, including object detection, lane 
recognition, semantic segmentation, drivable-area estimation, and scene understanding. Reliable 
perception is particularly important because road environments change continuously with traffic 
density, illumination, weather, vehicle speed, object scale, and occlusion. Pedestrians, cyclists, 
traffic signs, and other small road users may occupy only a limited number of pixels when they 
appear at long distances, while shadows, headlights, rain, and partial occlusion can further reduce 
their visual saliency. These challenges require perception models to preserve both fine local details 
and broader contextual relationships. Vision Transformers have become increasingly important for 
dense visual prediction because self-attention can model long-range dependencies across image 
regions and capture contextual information beyond the receptive field of conventional 
convolutional operations (Palanisamy et al., 2025; Yang, 2026). At the same time, recent globally 
informed token-pruning methods have shown that redundant visual tokens can be identified using 
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information distributed across the Transformer representation, providing a promising way to reduce 
computation without relying only on local attention responses (Yao et al., 2026). Such 
developments suggest that Transformer computation can be selectively allocated rather than applied 
uniformly to every image region. Transformer-based architectures have consequently been adopted 
in many autonomous-driving perception systems. Multi-camera and bird's-eye-view models 
combine information from different viewpoints to improve spatial reasoning, while temporal 
modeling further supports object localization and scene understanding across consecutive frames 
(Koh et al., 2025; Zhang, 2026). Query-based 3D perception methods also reduce the dependence 
on dense voxel representations by directly reasoning about objects and their spatial relationships 
(Du et al., 2026; Qi & Qiao, 2026). More recent sparse and geometry-aware architectures have 
improved the efficiency of multi-view feature aggregation and three-dimensional perception (Bozic 
et al., 2026; Xiong et al., 2026). Despite these advances, computational cost remains a major 
limitation. High-resolution traffic images produce large numbers of visual tokens, and these tokens 
are repeatedly processed through attention and feed-forward layers. The resulting memory 
consumption and latency can become substantial when several cameras are processed 
simultaneously (Hong et al., 2026; Huang et al., 2026). This problem is particularly relevant for 
autonomous vehicles, where perception systems must share limited computation, memory 
bandwidth, and power resources with localization, planning, prediction, and control modules 
(Khatab et al., 2026; Yang & Du, 2026). A model that achieves high benchmark accuracy but 
requires excessive computation may therefore be difficult to deploy under real-time vehicle 
constraints. 

A growing body of research has attempted to reduce Transformer complexity through 
lightweight architectures, sparse computation, and adaptive token processing. Efficient network 
designs reduce latency by simplifying attention operations and improving compatibility with 
practical hardware (Yuan et al., 2026a; Zhao & Welsch, 2024). Dynamic spatial sparsification 
selectively removes or bypasses image regions that contribute little to the final prediction (Pradeep 
et al., 2026), while token-pruning strategies estimate token importance and discard low-value 
representations during intermediate stages (Zhang et al., 2025). Other approaches preserve 
compressed information from discarded tokens through token squeezing or feature aggregation, 
reducing information loss after pruning (Bao et al., 2026; Liang et al., 2026b). Dynamic token 
halting further allows different tokens to stop computation at different network depths according to 
their estimated importance (Khan et al., 2026; Zhao et al., 2026). Adaptive pruning has also been 
introduced into object-detection pipelines to reduce redundant processing in background areas and 
other low-information regions (You, 2026). Together, these studies indicate that a considerable 
proportion of visual computation can be avoided without processing every token through the 
complete Transformer backbone. However, existing adaptive-computation methods are not fully 
aligned with the characteristics of urban traffic perception. Token importance is commonly 
estimated from attention weights, classification confidence, feature magnitude, or predefined 
pruning ratios. These indicators describe the current network representation, but they do not 
necessarily represent the perceptual difficulty of the entire driving scene. A clear daytime road 
containing several large vehicles may require substantially less visual computation than a crowded 
intersection containing pedestrians, bicycles, lane markings, reflections, and partially occluded 
vehicles. Similarly, nighttime illumination, rain, glare, and distant small objects may increase the 
amount of ambiguous visual information even when the total number of objects is not high. 
Applying the same pruning ratio to these different conditions may therefore create an inappropriate 
balance between computational efficiency and perception reliability. This limitation is especially 
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important for safety-relevant small objects. A token covering a distant pedestrian or cyclist may 
contribute only weakly to global attention because the object occupies a very small image region. 
Removing such a token can have little influence on average feature statistics while substantially 
reducing recall for vulnerable road users. Similar problems can occur around uncertain lane 
boundaries, partially visible vehicles, traffic signs, and low-contrast foreground objects. Aggressive 
pruning can therefore improve average inference speed while introducing condition-specific 
performance degradation that is not immediately visible from overall dataset metrics. Evaluations 
based only on mean detection accuracy or mean segmentation scores may further conceal this 
problem because common daytime scenes can dominate the test distribution. Several studies have 
shown that autonomous-driving perception performance varies considerably across environmental 
conditions, object scales, visibility levels, and scene complexity (Jiao et al., 2026; Pichappan, 2026). 
These observations indicate that computational allocation should be evaluated together with 
scenario difficulty rather than treated only as a global efficiency problem. Another limitation is that 
most token-pruning mechanisms determine whether individual tokens should be retained but 
provide relatively little control over the total computational budget assigned to an entire traffic 
scene. Token-level importance and scene-level difficulty represent related but different questions. 
Token selection determines which visual regions deserve further computation, whereas scene-level 
budgeting determines how much computation should be available before those decisions are made. 
Introducing a scene-dependent budget can therefore provide an additional control mechanism. 
Frames containing sparse traffic, clear illumination, and stable road boundaries can tolerate stronger 
compression, while frames containing dense road users, uncertain lane structures, foreground 
motion, or poor illumination may require a larger token budget. Such an approach is particularly 
relevant to edge deployment, where computational resources are limited and unnecessary 
processing in simple scenes directly reduces achievable frame rate and energy efficiency. 

This study proposes the Scene Token Budgeting Transformer (STBT), a scene-adaptive 
framework that dynamically adjusts the number of visual tokens retained during traffic perception. 
Instead of applying a fixed pruning ratio across all inputs, STBT estimates scene complexity from 
complementary indicators related to object density, lane-boundary uncertainty, foreground motion, 
and low-light degradation. These signals are used to determine an appropriate token budget for each 
traffic frame. Relatively simple scenes are processed with fewer tokens to reduce redundant 
computation, whereas crowded intersections, nighttime scenes, motion-intensive environments, 
and frames containing difficult road users retain a larger portion of the visual representation. The 
objective is not merely to maximize pruning, but to allocate computation according to the amount 
and difficulty of perceptual information present in the scene. The proposed framework is evaluated 
on Cityscapes, BDD100K, and nuScenes camera data to examine whether scene-adaptive token 
allocation can provide a more reliable efficiency–accuracy trade-off than fixed-budget pruning. The 
evaluation considers object detection and semantic perception together with foreground-token 
retention, inference latency, and recall for distant pedestrians and cyclists. Performance is further 
analyzed across traffic density, illumination, object scale, and other challenging driving conditions 
rather than being represented only by dataset-level averages. Deployment experiments on an 
NVIDIA Orin platform are used to determine whether the reduction in visual computation produces 
measurable real-time benefits on vehicle-oriented hardware. Through this design, the study aims to 
establish a closer connection between scene difficulty and Transformer computation. Its broader 
significance is to provide a perception architecture that saves computation when visual redundancy 
is high while preserving additional representational capacity when traffic conditions become 
uncertain or safety-critical, thereby improving the practical feasibility of adaptive Transformer 
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perception for resource-constrained autonomous-driving systems. 

2. Materials and Methods 
2.1. Datasets and Study Samples 

The study used camera data from Cityscapes, BDD100K, and nuScenes. After data cleaning 
and label matching, 196,000 annotated frames were included. The data contained about 1.84 million 
object boxes and 25 semantic road classes. The selected frames covered clear daytime roads, 
crowded intersections, rainy conditions, nighttime traffic, and mixed-light scenes. The main road 
objects included vehicles, pedestrians, cyclists, traffic signs, lane regions, and road boundaries. 
Frames with missing labels, serious image damage, or incomplete camera records were removed. 
Frames from the same driving sequence were placed in only one data subset to avoid data overlap. 
The samples were divided into training, validation, and test sets at the sequence level. Each frame 
was also grouped by weather, illumination, traffic density, and foreground-object size for later 
analysis. 

2.2. Experimental Design and Control Settings 

STBT was compared with a full-token Transformer and a fixed-ratio token-pruning model. 
The full-token Transformer kept all visual tokens and served as the accuracy control. The fixed-
ratio model removed the same proportion of tokens from every frame. It was used to compare fixed 
pruning with scene-based token control. Ablation tests were also performed by removing object 
density, lane-boundary uncertainty, foreground motion, and low-light information separately. All 
models used the same backbone, input size, optimizer, training schedule, image augmentation, and 
data split. STBT changed the token budget for each frame according to scene difficulty. Clear 
daytime scenes used fewer tokens. Crowded intersections, low-light scenes, and frames with strong 
foreground motion kept more tokens. This setting allowed the effect of scene-based token control 
to be tested under the same model and training conditions. 

2.3. Measurement Methods and Quality Control 

All frames were resized to the same input size and normalized before training. Random 
horizontal flipping, scaling, small shifts, brightness changes, and contrast changes were applied 
only to the training data. Object and semantic labels from the three datasets were mapped to the 
same class system before model training. The mapped labels were checked to reduce errors caused 
by different class names and annotation rules. Detection performance was measured by mAP, and 
semantic segmentation was measured by mIoU. Pedestrian and cyclist recall was calculated 
separately for objects more than 35 m from the camera. Model cost was measured by retained-token 
number, GPU memory use, and inference latency. All latency tests were performed on the same 
NVIDIA Orin platform with the same batch size, input size, and software settings. Warm-up runs 
were not included in the final timing results. The mean value from repeated runs was reported. Test 
frames were also grouped by daytime, nighttime, rain, traffic density, and small-object content to 
examine model performance under different road conditions. 

2.4. Data Processing and Model Formulation 

For each frame, STBT calculated a scene-complexity score Cs  from object density, lane-
boundary uncertainty, foreground motion, and low-light level. Each input term was normalized to 
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the same range before calculation. The scene-complexity score was defined as: 

Cs=αDs+βUs+γMs+δLs 
where Ds  is object density, Us  is lane-boundary uncertainty, Ms  is foreground-motion 

intensity, and Ls is the low-light score. The terms α, β, γ, and δ are weight parameters. The token 
budget for frame s was then calculated as: 

Ns=Nmin+(Nmax-Nmin)⋅clip(Cs,0,1) 
where Ns  is the number of retained tokens, and Nmin  and Nmax  are the minimum and 

maximum token budgets. A lower Cs gives a smaller N\_s, while a higher Cs keeps more visual 
tokens. Foreground-related tokens were given higher priority than clear background tokens. The 
values of α, β, γ, δ, Nmin , and Nmax were selected on the validation set and were not changed 
during final testing. 

2.5. Model Evaluation and Statistical Analysis 

Model performance was evaluated at both the full-dataset level and the scene level. The main 
measures were detection mAP, segmentation mIoU, pedestrian recall, cyclist recall, retained-token 
ratio, inference latency, and GPU memory use. Separate results were obtained for clear daytime 
roads, crowded intersections, rainy-night scenes, and frames containing small road users. The 
difference in mAP between the full-token model and each reduced-token model was used to 
measure the accuracy loss caused by token reduction. Long-distance pedestrian and cyclist recall 
was used to examine whether token reduction removed useful information from small foreground 
objects. Results from repeated runs were reported as mean ± standard deviation. Paired comparisons 
were made using the same test frames. The paired t-test was used when the differences followed 
an approximately normal distribution. Otherwise, the Wilcoxon signed-rank test was used. 
Statistical significance was set at p<0.05. Accuracy and inference latency were considered together 
when comparing model efficiency. 

3. Results and Discussion 
3.1. Overall Perception Performance 

STBT achieved detection accuracy close to that of the full-token Transformer while using 
fewer tokens in simple scenes. In clear daytime traffic, token computation decreased by 46.2%, 
while detection mAP dropped by only 0.3 points. This small loss indicates that many tokens from 
clear background regions contribute little to the final prediction. Fixed-ratio pruning showed a 
larger weakness because it used the same token ratio for every frame. As shown in Fig.1, STBT 
assigned fewer tokens to simple road scenes and increased the token budget when traffic density, 
motion, or scene uncertainty increased. Previous studies have also found that token importance 
changes across images and network stages (Esteves et al., 2025; Liang et al., 2026a). STBT differs 
by using traffic-scene conditions to set the token budget directly. 
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Fig. 1. Token use and detection performance of STBT under different traffic conditions. 

3.2. Token Reduction and Inference Speed 

The lower token count also reduced inference time on the NVIDIA Orin platform. Mean end-
to-end latency decreased from 62.8 ms to 41.6 ms per frame, a reduction of 33.8%. This result is 
important because lower computational cost does not always produce the same change in hardware 
latency (Bao & Wang, 2026; Wang et al., 2026). STBT mainly reduces token processing in areas 
such as road surfaces, sky, buildings, and other clear background regions. More tokens are kept in 
crowded or unclear areas. Palanisamy et al. (2025) reported that less useful tokens can stop 
processing at earlier stages with only a small loss in detection accuracy. Yao et al. (2026) also found 
that image-based pruning performs better than a fixed pruning ratio in dense vision tasks. These 
findings support the use of different token budgets for traffic scenes with different levels of 
difficulty. 

3.3. Rainy-Night and Low-Light Performance 

The advantage of STBT was clearer under poor imaging conditions. In rainy-night scenes, the 
model retained 71.5% of foreground-related tokens and limited the mAP loss to 1.1 points 
compared with the full-token model. Low light reduces object contrast, while rain causes reflections 
and unclear boundaries. These effects increase the risk of removing useful tokens too early. STBT 
increases the token budget when low-light level, motion, or lane uncertainty becomes higher. As 
shown in Fig.2, more tokens were kept around vehicles, pedestrians, cyclists, and unclear road 
boundaries. Koh et al. (2025) also reported that tokens removed at early stages may still contain 
useful information for later detection. The present results show that one fixed pruning ratio is not 
suitable for both clear daytime roads and difficult nighttime scenes. 
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Fig. 2. Token retention around foreground objects and unclear regions in complex traffic scenes. 

3.4. Long-Distance Pedestrian and Cyclist Detection 

STBT showed a clear gain for small road users. For pedestrians and cyclists more than 35 m 
from the camera, recall increased by 3.4 points compared with fixed-ratio pruning. Small objects 
occupy only a few visual tokens. Removing several of these tokens can greatly reduce the 
information needed for detection. Fixed pruning does not separate these small foreground regions 
from large background areas. STBT gives higher priority to regions with foreground motion, high 
object density, or uncertain features. More tokens are therefore kept around distant pedestrians and 
cyclists. Previous studies have shown that dynamic token selection can reduce computation with 
only a small drop in average accuracy, but most work reports overall detection or segmentation 
results rather than distance-based recall for road users (Ishibashi & Meng, 2025; Yuan et al., 2026b). 
The present results show that scene-based token control can reduce processing cost while keeping 
more information for small road users. Further tests on more cameras, severe weather, and other 
vehicle hardware are still needed. 

4. Conclusion 
This study developed STBT for urban traffic perception under changing road conditions. The 

model sets the token budget according to object density, lane uncertainty, foreground motion, and 
low-light level. In clear daytime scenes, STBT reduced token computation by 46.2%, while 
detection mAP decreased by only 0.3 points. On the NVIDIA Orin platform, mean inference time 
decreased from 62.8 ms to 41.6 ms per frame. In rainy-night scenes, STBT retained 71.5% of 
foreground-related tokens and limited the mAP drop to 1.1 points. For pedestrians and cyclists more 
than 35 m from the camera, recall was 3.4 points higher than that of fixed-ratio pruning. These 
results show that different traffic scenes require different amounts of token processing. Scene-based 
token control can reduce computation while keeping useful information for small and hard-to-detect 
road users. STBT may be used in real-time traffic perception systems with limited computing 
resources. However, the experiments included only three datasets and one vehicle computing 
platform. Future studies should test the model with more cameras, cities, weather conditions, and 
embedded devices. 
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