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ABSTRACT

Traffic sensors collect real-time data on current traffic conditions, and much research has focused
on determining optimal sensor locations for various monitoring and information-inference tasks.
Meanwhile, data-driven models for time-series traffic prediction increasingly rely on these sensor
inputs. However, existing sensor-location studies rarely account for the specific role of sensor
data in data-driven prediction models. This work aims to reduce the size of the sensor network
with only a minor impact on model performance. We proposed a genetic algorithm method for
traffic sensor network optimization, with prediction accuracy and quantified epistemic
uncertainty as the objectives. The results show that sensors distributed in various locations have
different utilities for prediction performance. In the case study of Amsterdam highway ring roads
(A10), we can obtain a reduction of 60% of the total sensor budget while preserving adequate
prediction model performance.

Keywords: Traffic sensor location problem, traffic speed prediction, uncertainty
quantification, heuristic algorithm.

1. INTRODUCTION

Real-time information from traffic sensor networks is crucial for traffic operators. The Traffic
Sensor Location Problem (TSLP) addresses two fundamental issues: how many sensors are
needed, and where they should be placed (Owais 2022). Current research on TSLP has examined
the problem under various objectives, such as network observability (Castillo et al. 2012; Viti et
al. 2014) and information entropy (Lo 1991). The applications based on the sensor network
mentioned in the existing literature are mostly focused on traffic monitoring and information
inference, such as OD estimation (Zhou and List 2010), link flow inference, or travel time
estimation. However, we found little research exploring how sensor networks can be optimized
for data-driven prediction models.

Meanwhile, studies on data-driven traffic prediction often overlook how the sensor network
design affects predictive uncertainty, even in settings with sparse sensor coverage (Liu etal. 2024).
Data-driven methods are argued to be data-hungry, which hinders them from wider real-world
applications. Beyond that, existing studies usually ignore the uncertainty of the prediction model,
which could have a significant impact on the follow-up traffic management application, such as
predictive traffic signal control (Poelman et al. 2023).

These gaps prompt the question: How much sensor data do data-driven models truly need for
robust and accurate traffic predictions? And what if certain sensors are turned off—does the
model’s performance deteriorate significantly?



This study aims to optimize the traffic sensor network according to its utility in data-driven
prediction models regarding prediction accuracy and uncertainty. To achieve this goal, we reveal
the relationship between sensor network design, including the number (budget) and location of
sensors, and the prediction performance based on the sensor data. This process will discern the
most informative samples from the sensor network in the context of the data-driven prediction
model. These samples contain critical information regarding different prediction performance
indicators, regarding the accuracy and uncertainty of the prediction model.

In the data-driven prediction models, two types of uncertainty are considered: aleatoric and
epistemic uncertainty. Aleatoric uncertainty describes the information that the model cannot
interpret and can only be reduced by improving the accuracy of the collected data, up to an
irreducible threshold related to the uncertainty inherent in the physical phenomena of traffic.
Epistemic Uncertainty, on the other hand, describes how much the chosen predictive model
accurately matches the modeled phenomenon, which can be improved by better modeling or by
collecting more data. Thus, by quantifying the epistemic uncertainty of the prediction models, we
can investigate the impact of incomplete/missing/partial input data on the prediction model. In
this study, we employ Deep Ensembles (DE) (Lakshminarayanan, Pritzel, and Blundell 2017) to
guantify both aleatoric and epistemic uncertainty associated with network-level, multi-step
highway speed forecasting.

By systematically reducing the number of sensors—modeled as graph nodes in the input—we
show that our proposed approach can maintain prediction accuracy and minimize uncertainty
despite fewer sensors. This result highlights the method’s potential to lower sensing costs without
sacrificing reliable, robust traffic predictions.

2. METHODOLOGY

Due to the nonlinearity of data-driven prediction models, each sensor’s data collectively
contributes to the model output, making it impractical to assign an absolute utility to any single
sensor. Consequently, a realistic way to optimize a large-scale sensor network is to seek a near-
optimal sensor configuration. To avoid early convergence on a local optimum, which is a common
pitfall of gradient-based methods, we employ a heuristic Genetic Algorithm (GA) to explore
different sensor arrangements under various objective functions.

In this study, we assume historical time series data of the target prediction variable are available
for all potential sensor locations. Under different constraints on the number of sensors, we then
optimize which sensors to select, with either prediction accuracy or quantified uncertainty of pre-
trained data-driven models as the fitness in GA.

Uncertainty quantification in prediction

We adopt variance-based and differential entropy metrics to assess uncertainty in traffic speed
predictions. In the variance-based quantification, we note that (i, 0/ ) are the mean and
variance of the probabilistic distribution prediction of each model m at the time step t, then the
law of total variance decomposes the total uncertainty into the following components
(Lakshminarayanan, Pritzel, and Blundell 2017):

Var(f’m,t) = IE(O-T%l,t) + Var(im,:) (1)
Where E(G%,t) represents aleatoric uncertainty, and Var(u,.) represents the epistemic
uncertainty. Aleatoric uncertainty originates from the inherent unpredictability or limited
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observability of critical factors influencing the traffic process—such as sensor types,
measurement errors, or the inherent randomness of traffic dynamics. Epistemic uncertainty, by
contrast, reflects gaps in knowledge that could be filled with more complete data or improved
models. It stems from the modeling process itself and limitations in data coverage. High epistemic
uncertainty implies that more data are needed, making it especially relevant to sensor network
design.

Genetic Algorithm

The process of heuristic sensor network optimization begins with initializing an initial population
Py = {x?,x9,...,x33}, which is a set of candidate solutions of sensor combination under the same
sensor amount constraints. Each individual x}, represents a potential combination of sensors,
where /7 indicates the counter of specific amount constraints, and n indicates the number of
individuals in the population.

As the algorithm iterates, a new population P; is generated in each iteration. If i is not zero, P; is
formed by randomly selecting i individuals from the best individual found in the previous
iteration, denoted as x. .. This selective approach helps concentrate the search around promising
regions of the solution space, leveraging the knowledge gained from earlier iterations. Within
each population P; , the algorithm evaluates the fitness for each sensor selection set x .
Subsequently, the best individual x.. is updated to reflect the most effective sensor
configuration found in that iteration.
Algorithm 1. Pseudocode for genetic algorithm-based sensor selections

Input initial population: Py, i=0 {iteration counter}
1: IF i!=0:
2: P;= random select m individuals in x},%
3 End if
4: For each generation in P;:
S CALCULATE fitness for {xi, x ..., x,} in P;
6: IF no significant improvement over several generations:
7 BREAK early
8 ADJUST crossover and mutation rates based on improvement
9 SELECT top-performing individuals (elites) to carry over
105 GENERATE a new population P; through crossover and mutation
11: UPDATE the best individual x},;
g; END FOR
1 4j Save xpes:
] i +=1

Prediction model

In this paper, we used some classical and competitive traffic speed prediction models in the state
of the art. We aim to expand this testing to other prediction models in future research. Considering
the graph structure of the sensor network, we employ two graph neural network (GNN)
approaches for this case study: Spatio-Temporal Graph Convolutional Networks (STGCN)
(STGCN) (Yu, Yin, and Zhu 2018) and Spatial-Temporal Graph Attention Networks
STGAT(Kong et al. 2020). Although these models share certain features, their distinct
architectures help us assess whether different structural choices lead to varying optimal sensor
distributions.
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For computational efficiency, we pre-train all models using the full sensor network data over the
same time period. We then apply the proposed GA to optimize which sensors feed into each pre-
trained model. For quantifying the epistemic uncertainty, we assume the prediction output of each
model m at the time step ¢t as u,, . referred in Eq. (1).

Our case study is drawn from the Amsterdam highway ring roads (A10) in 2021, capturing the
speed data. This network comprises nine highways connecting downtown Amsterdam, nearby
towns, and Schiphol International Airport. Each highway is uniformly divided into 400-meter
segments, and each segment hosts a single sensor, which leads to a total of 193 loop detectors.
Data are provided by the Dutch National Data Warehouse (NDW, www.ndw.nu). In Figure 1
sensors on different roads are distinguished by color-coded nodes.

Figure 1. The network with 193 sensors on the Amsterdam highway ring roads (A10)

3. RESULTS AND DISCUSSION

This section presents our findings on the selected case study. We begin by applying the method
proposed by (Yang and Zhou 1998) to establish a lower bound for sensor selection that ensures
full observation of the highway network. Here, “full observation” means every vehicle passing
through the network must encounter at least one sensor.

In our case study, the network comprises 37 possible origins and destinations, including on- and
off-ramps as well as connections to external roads. As illustrated by the red nodes in Figure 2,
69 sensors—35.8% of all sensors—are identified to meet this lower-bound requirement. We use
this result as a baseline for subsequent comparisons.



Figure 2. The lower bound of sensors with full observation of the Amsterdam highway rings.

Performance of prediction model under sensor budget constraints

We use two objectives, MSE and epistemic uncertainty on all the sensor locations, which are
chosen for GA optimization under different sensor amounts as constraints. Figure 3 illustrates
how both metrics evolve as the number of sensors decreases. The red star marks the model
performance under the sensor configuration depicted in Figure 2, which reflects the lower bound
of full observation. The black dash lines as references reflect the linear decay of metrics with
sensor deletion.
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Comparing the results with random sensor selection under increasing deletion ratios, our proposed
heuristic algorithm significantly mitigates declines in both accuracy and uncertainty. Notably,
when about 60% of sensors are removed, there is a sharp drop in accuracy (illustrated in Figure 3
a) accompanied by a spike in uncertainty (illustrated in Figure 3 b)—signaling the collapse of the
model’s accuracy. Crucially, the proposed method helps avoid this collapse, and the sensor count
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at the threshold of a sharp drop in accuracy (around 60%) is close to the number of sensors
required for full observation.

Interestingly, the sensor configuration meeting the lower bound of full observation underperforms
even a random selection. This outcome suggests that ensuring every vehicle is recorded at least
once on each section (sensor-to-sensor) it traverses (i.e., full observability) does not necessarily
align with providing the most valuable data for predictive modeling. This is not surprising,
considering that the full observability problem is non-unique, and therefore multiple sensor
location solutions might exhibit different performance on prediction tasks, as was shown in earlier
works (Rinaldi and Viti 2017).

Moreover, the significant increase in epistemic uncertainty underscores the rapid decline in
accuracy, indicating that our optimized sensor network is pushed to its limit in preserving model
performance.

Distribution of sensor selection
We analyzed how sensors are distributed across various segments of the ring roads under different
sensor budget constraints.

Figure 4 illustrates how the proportion of selected sensors shifts among different regions. When
accuracy is the objective, the rate at which sensors are omitted follows a similar pattern across all
regions (evidenced by the relatively narrower spread of curves in Figure 4 a) and Figure 4 c),
compared to Figure 4 b) and Figure 4 d)). However, when the uncertainty is regarded as objective,
sensors in the inner rings around central Amsterdam (Regions 1-4) are more likely to being
excluded. This phenomenon suggests that while sensors across different roads contribute roughly
equally to predictive accuracy, their impact on model uncertainty is more uneven—particularly
when comparing the inner rings (Regions 1-4) with the outer rings (Regions 5-9).
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Figure 4. The change in the proportion of selected sensor in different regions, with different
optimization objective

We finally examined whether partially deleting sensors from the prediction model input would
change the distribution of prediction performance across different highway segments. Figure 5
displays the distribution of prediction metrics at various sensor deletion ratios, using a color scale
(red to green) centered on the average value of corresponding metric in each selection scenario.
These uneven distributions of accuracy and uncertainty across different roadway locations
illustrate the model’s trade-off between global and local prediction performance under certain
budgets. However, as shown in Figure 5, only marginal shifts in prediction performance are
observed when sensor locations vary under different sensor constraints.
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Figure 5 The distribution of prediction performance with different sensor deletion ratios (STGCN



4. CONCLUSIONS

Not all locations where data may be collected provide equal predictive information. In this study,
we seek a reduction in sensor network costs for data-driven time-series traffic prediction tasks,
considering this underlying hypothesis. By selecting the most valuable sensors in the network
under budget constraints, the proposed utility-based sensor network optimization method shows
its potential to preserve much of the value of the sensor to the predictive models, at a lower sensor
budget. Beyond this, the method is proven to identify the threshold as a reference for the sensor
network cost that may prevent significant prediction model performance failure caused by limited
data coverage.

Future work could explore additional TSLP approaches, particularly those incorporating network
structures—beyond the observability-based strategy presented here. Such comparisons may
clarify whether network structure or historical data predominantly determines sensor-network
utility within data-driven prediction models. With further investigation, the proposed method may
also offer counterfactual explanations by pinpointing the most informative data samples in a
dataset, thereby enhancing model interpretability.
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