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Abstract. Urban traffic perception in smart cities requires resilience and adaptability, yet unfavorable 
operating conditions together with the limited coverage of ground-based sensors often compromise data 
reliability. To overcome these challenges, this paper introduces a dynamic spatiotemporal analysis framework 
based on Urban Outdoor Cellular Traffic (UOCT) data. The framework leverages recurrence plots and 
recurrence quantitative analysis to capture temporal traffic patterns and detect anomalies, while cross 
recurrence plots and cross recurrence analysis reveal spatial dependencies between intersections. The novelty 
of this work lies in unifying recurrence-based visualization and quantitative metrics for traffic dynamics, and 
validating their predictive power through an echo state network. Experimental results demonstrate that the 
proposed method improves anomaly detection, strengthens multivariable traffic prediction, and ultimately 
provides robust data support for intelligent and resilient traffic management in future smart cities.

Keywords: urban cellular traffic, recurrence analysis, characteristic modeling, traffic anomaly detection, 
smart city transportation

1   Introduction

Urban traffic perception is facing growing demands for resilience and adaptability in increasingly complex and 
dynamic smart city environments. However, under adverse weather conditions, the effectiveness of traditional 
sensing infrastructures, such as roadside cameras and radars, can be severely diminished [1]. Meanwhile, the 
limited spatial coverage of Ground Traffic Sensors (GTSs) in sparsely instrumented or low-traffic regions 
restricts their ability to provide consistent and high-quality data support [2]. These limitations highlight a critical 
research gap: existing traffic sensing and analysis frameworks are unable to provide robust, large-scale, and 
reliable spatiotemporal perception under diverse and uncertain urban conditions.

Urban traffic systems also exhibit inherent spatiotemporal dependencies. From a spatial perspective, traffic 
conditions at adjacent Intersections (ISs) are often correlated due to the physical connectivity of road networks 
and the propagation of traffic events [3]. From a temporal perspective, traffic flows typically follow recurrent 
patterns, with variations during congestion, incident duration, and recovery processes. Although recent studies 
have applied advanced spatiotemporal analysis techniques to traffic flow modeling [4-7], most existing works 
primarily rely on time-domain or frequency-domain methods, which struggle with transient behaviors, non-
stationary signals, and noise sensitivity. Furthermore, these methods often overlook the nonlinear recurrence 
characteristics of traffic data and provide limited capability to quantify spatial dependencies among ISs.

Fig. 1 depicts a representative smart city transportation scenario. In this example, adverse environments 
reduce the reliability of onboard or roadside sensing, while complementary data from GTSs and a Smart Traffic 
Control Center (STCC) enhance adaptive traffic management. While Unmanned Aerial Vehicle (UAV) logistics 
is shown as one possible application, this case highlights the broader challenge of achieving integrated, robust, 
and resilient traffic perception across diverse urban mobility services.
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Fig. 1. A representative smart city transportation scenario

To address these research gaps, this paper defines the problem as follows: how to design a unified and 
interpretable spatiotemporal analysis framework that can (i) robustly characterize the nonlinear recurrence 
behaviors of Urban Outdoor Cellular Traffic (UOCT) at individual ISs, and (ii) systematically capture and 
quantify spatial dependencies among ISs, thereby enabling more accurate anomaly detection and traffic 
prediction.

Accordingly, we propose a novel spatiotemporal analysis framework for UOCT data that integrates 
Recurrence Plots (RPs) and Cross Recurrence Plots (CRPs). The first objective is to accurately characterize the 
temporal behavior of UOCT data at individual ISs, overcoming the limitations of conventional feature extraction 
approaches. The second objective is to explore spatial correlations between a given IS and its neighboring ISs, 
supporting multivariable forecasting and multitask learning. RP and CRP provide interpretable two-dimensional 
visualizations that reveal hidden dynamic patterns without requiring assumptions about stationarity, signal length, 
or distribution [8-10], making them well-suited for complex and dynamic traffic environments.

The main contributions of this paper are summarized as follows:
(i) The temporal dynamics of UOCT are encoded using RPs, and non-stationary variations are quantitatively 

assessed via Recurrence Quantitative Analysis (RQA). This enables STCC to detect both qualitative and 
quantitative traffic anomalies in a timely manner, supporting early warning and adaptive urban traffic 
management.

(ii) CRPs are utilized to model spatial correlation patterns between UOCT data at a target IS and its 
surrounding ISs. Cross Recurrence Quantitative Analysis (CRQA) further quantifies these dependencies using 
geometric mean-based metrics, which are then applied to validate multivariable traffic prediction models. These 
insights improve the reliability, adaptability, and foresight of traffic state estimation and prediction in dynamic 
smart city environments.

2   Theory of Dynamic Characteristic Analysis

The dynamic characteristic analysis of UOCT mainly includes two parts: RP characteristic analysis and CRP 
correlation measurement. The former describes the high-dimensional dynamic characteristics of a single 
UOCT through Phase Space Reconstruction (PSR), achieved by detailed interpretation of typical patterns in the 
qualitative two-dimensional RP representation and RQA, providing a deeper understanding of the time-varying 
characteristics of UOCT. The latter, CRP analysis, reveals the correlations between different UOCTs. Specifically, 
we first introduce the theory of PSR, including the determination of time delay and embedding dimension, 
followed by the visualization of recurrent behavior, and finally, provides the metrics for quantifying RP and CRP 
features.

2.1   PSR

PSR is the process of transforming a one-dimensional time series into a multidimensional state space, thereby 
enabling the study of the system’s dynamic behavior in higher dimensions. Fig. 2 illustrates this process: a UOCT 
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sequence is embedded into a reconstructed phase space through time-delay embedding, generating a trajectory 
that reveals the underlying dynamic structure of the system. Such reconstructed attractors provide an intuitive 
visualization of temporal evolution and serve as the basis for RP and CRP analysis [11].

Fig. 2. Illustration of PSR for UOCT sequences

For a one-dimensional UOCT sequence a of length K, the corresponding high-dimensional space 
representation is given as follows,

( ){ }1, ,..., .r t t t DU a a aτ τ+ + −= (1)

where τ represents the time delay, D represents the embedding dimension, and t∈ [1, K − (D − 1)τ]. The selection 
of τ and D is crucial, as inappropriate choices may result in unreliable analysis outcomes.

Firstly, PSR considers the mutual information method [12], which can be employed to determine the τ for 
UOCT, that is,
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where p(ar, ar+τ) represents the joint probability of ar and ar+τ occurring simultaneously, while p(ar) is the 
probability of ar occurring. The optimal τ is the first local minimum of H(τ).

Next, the False Nearest Neighbor (FNN) method is used to determine D, where the dimensionality information 
of the time series can be obtained by eliminating false neighbors in the phase space [13]. The measure of D 
is defined as G(D), which represents the average distance from a false nearest neighbor to the true point after 
adding a dimension. That is,
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where CK
u(D) represents the FNN of the dynamic system Cu(D) reconstructed from the UOCT time series. Then, 

the appropriate D is determined using the average distance ratio of the dimensional change, as follows,
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The optimal D can be obtained when R stabilizes.
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2.2   Recurrence Characteristic Visualization

Our visualization mechanism of UOCT time series recurrence behavior focuses on two aspects: RP is used to 
reveal the non-stationary dynamic characteristics of a single UOCT sequence, while CRP is used to characterize 
the correlation characteristics between different UOCT time series.

Fig. 3. Illustration of RP (left) and CRP (right)

To provide an intuitive overview of recurrence-based visualization, Fig. 3 illustrates the construction process 
of both RP and CRP. For RP, each UOCT sequence can be visualized using a two-dimensional RP representation, 
providing an intuitive understanding of the high-dimensional characteristics of the UOCT sequence. These 
features are determined by the recurrence matrix, with elements computed using the following formula,

( ) ( ) { }, 1, 2, , .RP
rs r sQ C C r s Kε ε= Θ − − =  (5)

∥∙∥ represents the computation of the norm operator for different state vectors Cr and Cs, where the two state 
vectors are derived from the one-dimensional IS data sequence of length K. ε represents the threshold, and θ is 
the Heaviside function, with the following formula,
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Based on Eqs. (5) and (6), the matrix Q composed of elements 0 and 1 can be obtained. By representing Qrs
RP 

= 0 and Qrs
RP = 1 with white and blue points, respectively, the RP is generated, which contains key information 

about the dynamic system. For example, isolated points reveal the randomness of the current system, indicating 
that the occurrence of recursive states is almost nonexistent. In contrast, the diagonal symbolizes the system’s 
stability, indicating that the system’s state exhibits strong recursive characteristics. As for CRP, it is used to 
explore the existence of recursive states in a shared phase space system formed by two UOCT sequences. The 
recurrence matrix is defined as follows,

( ) ( ) { } { }1,2, , , 1, 2, , .CRP
rs r s m nQ M N r K s Kε ε= Θ − − = =  (7)

Mr and Ns represent the state vectors of UOCT sequences m and n, respectively. The CRP exhibits structural 
asymmetry, with its main diagonal not entirely showing in blue. Additionally, the blue points in the CRP do not 
signify the recurrence characteristics of a single system, but instead symbolize the similarity of states between 
the two different systems. We present the pseudocode for the UOCT characteristic analysis based on RP and CRP 
in Algorithm 1.

Algorithm 1. Investigation into the dynamic behavior of UOCT through RP and CRP analysis
Input: m is a specific UOCT series; n is the other UOCT sequence; the parameters τmax and Dmax are defined as the maximum 
attainable values, with ε as the distance threshold.
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Output: RPm, RPn, and CRPmn.
1: Km ← length(m), Kn ← length(n)
2: for τ = 1 to τmax do
3:     Calculate H(m) and H(n) for m and n via formula (2)
4: end for
5: τm, τn ← Assign respective values τ to m and n
6: τmn ← Take the minimum τ value between m and n
7: for D = 1 to Dmax do
8:     Calculate Gm and Gn for m and n via formula (3)
9: end for
10: for D = 1 to Dmax−1 do
11:     Calculate Rm and Rn for m and n via formula (4)
12: end for
13: Dm, Dn ←Assign respective values D to m and n
14: Dmn ←Take the maximum D value between M and N
15: RPm = rp(M, τm, Dm, ε)
16: RPn = rp(N, τn, Dn, ε)
17: CRPmn = crp(M, N, τmn, Dmn, ε)

2.3   Quantitative Measurement

RQA and CRQA are key metrics for the quantitative recursive dynamic analysis of UOCT sequences, 
encompassing multiple parameters: Recurrence Rate (RR), Determinism (DET), Mean Diagonal Line Length 
(MDL), Entropy (ENTR), Laminarity (LAM), and Trapping Time (TT) [14]. RQA is used to quantify the 
dynamic characteristics of a single UOCT sequence and can serve as a basis for traffic anomaly early warning. 
CRQA, on the other hand, evaluates the degree of association between different UOCT sequences, providing 
prior knowledge for constructing multivariate prediction frameworks and enabling more accurate modeling of 
spatiotemporal traffic dependencies. Although RQA and CRQA share identical mathematical formulations, the 
essential difference lies in their application: RQA focuses on the internal dynamics of a single system, whereas 
CRQA characterizes the coupling and correlations between different systems. The six parameters mentioned 
above are detailed below.

RR represents the density of recurrence points and measures the ratio of blue points to all points in the RP or 
CRP, as given by the following formula,
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where K represents the length of the UOCT sequence. This metric measures the likelihood of similar states 
occurring, with higher values indicating lower state variability in the UOCT sequence.

DET represents the ratio of recurrence points on segments parallel to the main diagonal, defined as,
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where j is the variable representing the length of the diagonal, and P(j) denotes the distribution probability of 
diagonals of length j. DET is used to measure the predictability and regularity of the UOCT sequence over time. 
Typically, in stationary systems, the value of DET approaches 0, while in periodic systems, the value of DET 
approaches 1.
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MDL represents the mean diagonal line length, expressed as,
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This metric measures the average time required for two trajectories in phase space to approach each other, 
which can be interpreted as the average prediction time.

ENTR represents the Shannon entropy of the distribution characteristics shown by the diagonals in the RP or 
CRP, defined as,
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where Nj represents the total number of diagonal lines. When the UOCT sequence data does not change over 
time, the resulting ENTR approaches 0. In this case, the distribution of diagonals is entirely confined to very 
short segments. Conversely, if there is any form of uneven distribution of diagonals, the ENTR value will 
significantly increase.

LAM represents the laminar state present in the system, defined as,
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where wmin is the minimum length threshold for the perpendicular line. The laminar phase is able to display the 
constant or minor changes in the UOCT sequence over consecutive time steps.

TT represents the mean length of the perpendicular lines, expressed as,
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TT is used to estimate the average duration for which the UOCT sequence maintains a specific state. This metric 
comprehensively reflects the frequency characteristics associated with the laminar state and its corresponding 
length. Specifically, TT exhibits an inverse relationship with the complexity of the UOCT sequence.

3   Experiments

In this section, we comprehensively validate the effectiveness of the UOCT analysis framework based on RP 
and CRP through a series of experiments. We first describe in detail the sources and types of UOCT data used. 
Next, the dynamic characteristics of a single IS’s UOCT are examined, emphasizing the role of RP in capturing 
temporal patterns and anomalies in urban traffic. Subsequently, the correlations among UOCTs from different 
ISs are analyzed, and the utility of CRP is evaluated via a prediction model. Finally, we assess the predictive 
performance of the proposed CRESN framework, demonstrating the forward-looking and efficient capabilities of 
integrating CRQA with Echo State Networks (ESNs) for multivariate traffic forecasting.



177

Journal of Computers Vol. 37 No. 3, June 2026

3.1   Dataset Description

The dataset is sourced from a large-scale cellular geographic information system in Hsinchu City, Taiwan. Each 
traffic record contains the creation time, GPS location, location type (outdoor or indoor), and the International 
Mobile Equipment Identity (IMEI), which is a unique identifier for mobile devices [15]. From early January 
2020 to the end of June 2020, the number of IMEIs in six ISs was aggregated at 5-minute intervals. Since 
outdoor cellular traffic is caused by user movement, it can be used to represent the traffic conditions of each IS. 
Given that IS5 has the highest average accumulated IMEI count and considering the dense road network around 
its geographic location, the experiment treats IS5 as the urban center and analyzes the potential impact of traffic 
flows from surrounding ISs on the central urban IS. Specifically, the experiment considers the IMEI counts of 
six ISs (i.e., IS1 to IS6) over a time range of 1 to 5,000 time steps as the objects of analysis, forming six UOCT 
sequences.

3.2   Analysis of Dynamic Characteristics of UOCT Sequences

According to the criteria for determining the PSR parameters of a single time series, the most suitable values of  
τ and D for the UOCT sequences of the six ISs are listed in Table 1. These embedding parameters ensure reliable 
reconstruction of the corresponding phase spaces.

Table 1. PSR parameters for RP visualization. Optimal τ and D used for reconstructing UOCT sequences at six ISs

PSR IS1 IS2 IS3 IS4 IS5 IS6
τ 34 35 10 18 31 11
D 6 9 6 8 6 4

Fig. 4 visually demonstrates the recurrence behavior of the UOCT sequences for the six ISs, where the details 
of each UOCT sequence’s variations can be reflected in specific areas of the RP. For clearer interpretation the 
visual representation, the following key features are emphasized: time dependence, non-stationarity, periodicity, 
and chaotic characteristics. Overall, a large number of short diagonals and isolated points are observed across 
these subplots, indicating that these UOCT sequences exhibit potential chaotic characteristics. To verify this 
property, the Wolf method was used to calculate the maximum Lyapunov exponent (λ) for each UOCT sequence 
[16], with the specific results shown in Table 2. This method has been widely confirmed as an effective tool for 
assessing the chaotic nature of time series. Specifically, when λ > 0, it indicates the presence of chaotic behavior 
within the sequence.

(a) IS1                                              (b) IS2                                              (c) IS3
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(d) IS4                                              (e) IS5                                               (f) IS6

Fig. 4. Recurrence plots of UOCT sequences for IS1–IS6 (Short diagonals and isolated points indicate chaotic characteristics. 
White regions (red dashed boxes) highlight non-stationary intervals, corresponding to sustained anomalies in the original 
UOCT series (red solid boxes).)

Table 2. Maximum Lyapunov exponent of UOCT sequences (Positive λ values demonstrate the presence of chaotic behavior.)

IS No. IS1 IS2 IS3 IS4 IS5 IS6
λ 0.0317 0.0353 0.0943 0.0361 0.1620 0.0817

Additionally, the RPs of the UOCT corresponding to IS2 and IS5 exhibit noticeable white regions (marked 
by red dashed boxes), indicating the non-stationarity of these sequences. Notably, the locations corresponding 
to these features in the UOCT sequences (marked by red solid boxes) show sustained high-value fluctuations, 
suggesting the occurrence of specific traffic conditions in these ISs (such as congestion or abnormal events). 
These observations demonstrate that RP analysis can sensitively capture temporal anomalies and non-stationary 
behaviors in traffic flow data, thereby providing traffic management centers with an intuitive and effective tool 
for early detection and timely intervention in complex urban environments.

Fig. 4(c), 4(d), and 4(f) show a relatively uniform distribution, revealing clear periodicity and time 
dependence. Table 3 quantifies the recurrence characteristics of all UOCT sequences. From the table, it can be 
observed that IS5 exhibits the lowest RQA, indicating weak determinism and time dependence in the UOCT 
sequence at IS5. In other words, as the busiest IS, its temporal behavior is less predictable, and it requires 
integrating traffic conditions from nearby ISs for accurate traffic flow analysis. Furthermore, as a complement to 
the RP tool, RQA allows the UOCT sequence to be subdivided into multiple intervals with equal time steps. By 
individually comparing the specific RQA metrics for each interval and setting reasonable thresholds, it provides 
managers with digital traffic anomaly alerts.

Table 3. RQA metrics of UOCT sequences (Lower values of DET and MDL at IS5 indicate reduced predictability, whereas 
IS6 demonstrates the strongest determinism and temporal correlation.)

IS No. RR DET MDL ENTR LAM TT
IS1 0.0705 0.8426 5.7549 2.1831 0.8916 7.6211
IS2 0.0631 0.8084 4.9169 2.1227 0.8681 6.4218
IS3 0.1115 0.8647 7.5465 2.2573 0.9051 9.5311
IS4 0.0458 0.8233 4.7620 2.0617 0.8741 5.8187
IS5 0.0603 0.7096 3.4780 1.6165 0.8097 4.5892
IS6 0.2089 0.9054 7.2762 2.4104 0.9326 9.8529

3.3   Correlation Analysis of UOCT Sequences

For CRP, when reconstructing two different UOCT sequences into a shared phase space, the same values of τ and 
D should be considered. For this joint PSR, a larger D is preferable, while a smaller τ is optimal. For example, 
compared to the reconstruction of IS5’s UOCT sequence IS4’s UOCT sequence requires a higher D and a lower 
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τ. Therefore, the optimal values for this joint reconstruction are τ = 18 and D = 8. The joint PSR parameters for 
IS5’s UOCT sequence and other IS’s UOCT sequences are given in Table 4.

Table 4. PSR parameters for CRP visualization (Joint τ and D for IS5 paired with other ISs.)

PSR IS5~IS1 IS5~IS2 IS5~IS3 IS5~IS4 IS5~IS6
τ 31 31 10 18 11
D 6 9 6 8 6

Fig. 5 shows the interactions between the UOCT sequences of IS5 and the other five ISs. Overall, each 
subplot contains a certain proportion of blue regions, which determine the degree of correlation between the 
UOCT sequence of IS5 and the specific IS. Specifically, in Fig. 5(c) and 5(e), more laminar structures and blue 
regions can be observed. This phenomenon indicates that the phase trajectories of the UOCT sequences of IS3 
and IS6 overlap more frequently with those of IS5, and the overlap time is relatively longer, revealing a stronger 
correlation between IS3, IS6, and IS5. In contrast, in the CRP from IS5 to IS2, the white regions are more 
prominent. This is because the phase trajectories of the two UOCT sequences frequently shift and even show 
opposite directions of motion, which strongly suggests a weaker correlation between the UOCT sequences of IS2 
and IS5.

Additionally, the experiment selected six CRQA indicators to assess the synchronization patterns between 
different UOCT sequences, namely: RR, DET, MDL, ENTR, LAM, and TT, as shown in Table 5. Overall, for 
each pair of UOCT sequences, the CRQA indicators were greater than 0, indicating that there is a correlation 
between the UOCT sequence of IS5 and each of the other ISs. In fact, the CRQA indicators can accurately 
quantify the degree of mutual influence between each pair of UOCT sequences from multiple dimensions, and 
using different metrics often leads to varied conclusions. Therefore, the geometric mean (GEOM) of these six 
CRQA indicators was calculated, with the results shown in the last column of Table 5. Among these, the GEOM 
value between IS5 and IS3 is the largest, followed closely by the combination of IS5 and IS6, while the UOCT 
sequence combination with the smallest GEOM value is IS5 and IS2. This result validates the reasonableness of 
the CRP visualization analysis in Fig. 5.

(a) IS5~IS1                                      (b) IS5~IS2                                      (c) IS5~IS3

(d) IS5~IS4                                   (e) IS5~IS6

Fig. 5. CRPs of IS5 with IS1–IS6 (Blue regions indicate overlapping dynamics and strong correlations, while white regions 
indicate weak or diverging behaviors. Strongest correlations are observed for IS3 and IS6.)
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Table 5. CRQA metrics for IS5 paired with other ISs (The GEOM ranking identifies IS3 and IS6 as most strongly correlated 
with IS5, whereas IS2 shows the weakest correlation.)

IS
Combination RR DET MDL ENTR LAM TT GEOM

(Ranking)
IS5~IS1 0.0502 0.6942 3.5960 1.6383 0.7560 4.0708 0.9263 (3)
IS5~IS2 0.0214 0.5056 2.7693 1.1951 0.6189 3.3782 0.6492 (5)
IS5~IS3 0.1028 0.8208 6.5275 2.1339 0.8720 8.3915 1.4313 (1)
IS5~IS4 0.0318 0.6929 3.4844 1.6350 0.7650 4.1140 0.8564 (4)
IS5~IS6 0.0941 0.8051 5.5486 2.0039 0.8374 6.3940 1.2855 (2)

3.4   Prediction Validation Using the CRESN Framework

In order to further validate the effectiveness of the CRP and CRQA correlation modeling, based on the 
experimental results in Sect. 3.3, an ESN combined with two highly correlated ISs (i.e., IS3 and IS6) is used for 
multi-step prediction of the UOCT sequence of IS5. This network is defined as CRESN. The ESN demonstrates 
significant advantages through its reservoir computing concept, where only the connection weights between the 
reservoir and output layers need to be trained, allowing for efficient feature mapping. This characteristic enables 
it to successfully avoid the inherent limitations of traditional deep prediction models, such as poor accuracy and 
high computational complexity [17]. Additionally, the experiment compares two different types of input ESN 
models: one is a prediction model that does not integrate inputs from highly correlated ISs (SESN); the other 
uses two highly correlated ISs, selected based on the Pearson Correlation Coefficient (PCC) [18] (specifically IS6 
and IS4), with their correlation results detailed in Table 6, as multiple inputs for the prediction model (PESN).

Table 6. PCC between IS5 and other ISs (PCC-based ranking differs from CRQA-based results, providing a baseline for 
comparison.)

IS Combination IS5~IS1 IS5~IS2 IS5~IS3 IS5~IS4 IS5~IS6
PCC (Ranking) 0.5389 (4) 0.3870 (5) 0.6581 (3) 0.7995 (2) 0.8034 (1)

In terms of prediction, each UOCT sequence consisting of 5,000 data points is divided into 4,000 training 
data points and 1,000 testing data points. The evaluation metric used for the prediction is the Normalization Root 
Mean Square Error (NRMSE), and its calculation formula is as follows.
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where R is the length of the UOCT sequence, Yr and Yp represent the actual and predicted values of the IMEI 
count, respectively, D(Yr) is the variance of Yr.

For the purpose of thoroughly examining the performance of each model in prediction tasks with different time 
spans, the experiment used multiple prediction steps: 288 steps, 576 steps, and 1,152 steps, which correspond 
to time frames for decision-making and deployment of 1 day, 2 days, and 3 days ahead, respectively, in real-
world application scenarios. Table 7 displays the multi-step prediction performance of the three models for the 
UOCT sequences. Taking the prediction step of 1,152 as an example, within the 3-day ahead prediction range, its 
prediction performance improved by approximately 2.4% and 7.5% compared to PESN and SESN, respectively. 
Overall, CRESN clearly outperformed the other two comparison models (bolded values in the table), which is 
attributed to the accurate and rich analytical dimensions provided by CRP and CRQA, enabling the model to 
better capture patterns and trends within and between the data. Additionally, the table also presents the average 
training and testing times for different prediction models across the three prediction steps, demonstrating the 
excellent computational efficiency of ESN.
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Table 7. Multi-step prediction performance of SESN, PESN, and CRESN models

Prediction model 288 576 1,152 Average
training time (s)

Average
testing time (s)

SESN 0.7056 0.7523 0.8219 0.4300 0.0895
PESN 0.6669 0.6719 0.7755 0.4384 0.0917

CRESN 0.6459 0.6553 0.7595 0.4684 0.0936

With the aim of visually demonstrating the degree of fitting, Fig. 6 presents a comparison between the 
actual values and predicted values over a time range of 0 to 500 time steps. Clearly, at different prediction step 
analysis scales, the errors of the models output by PESN and SESN are higher than those of CRESN, indicating 
relatively poorer prediction performance. However, it is noteworthy that as the prediction step length increases, 
the deviation between the prediction curves and the actual curves grows larger for all three models, indicating a 
decline in prediction performance.

(a) Step=288                                      (b) Step=576                                   (c) Step=1,152

Fig. 6. Prediction results of SESN, PESN, and CRESN models at horizons of 288, 576, and 1,152 steps (CRESN achieves 
lower errors and more stable predictions across all horizons.)

To further substantiate the superiority of CRESN, one of the commonly used statistical analysis methods, the 
scatter plot, was employed. The scatter plot visually reflects the data distribution on the Cartesian coordinate 
plane. Fig. 7 shows a comparison of the distribution of output values and actual values for all evaluated models. 
Specifically, the red dashed line represents the correlation baseline between the predicted outputs and the labels. 
It can be observed in the figure that CRESN has more concentrated prediction points along the baseline compared 
to the SESN and PESN models, indicating that CRESN has superior goodness-of-fit.

In summary, CRESN serves as a verification framework for evaluating the effectiveness of recurrence plot-
based analysis in urban cellular traffic. By applying CRESN, the temporal and spatial patterns extracted through 
RP and CRP can be systematically tested and validated, demonstrating the reliability of these methods for 
capturing dynamic traffic behaviors. This provides a solid methodological basis for future studies and practical 
applications of recurrence-based traffic analysis in complex urban environments.

(a) Step=288                                  (b) Step=576                                 (c) Step=1,152

Fig. 7. Scatter plots of actual vs. predicted values for SESN, PESN, and CRESN (Predicted values from CRESN align more 
closely with the baseline (red dashed line), reflecting improved fitting performance compared to SESN and PESN.)
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4   Conclusion and Future Work

This paper proposes a novel UOCT analysis method that integrates RP and CRP techniques, achieving a unified 
and consistent approach for visualizing and quantitatively measuring recurrence behaviors in urban cellular 
traffic. This study represents the first attempt to systematically reveal the dynamic characteristics of UOCT and 
to quantify the influence of traffic conditions at specific ISs. RP and RQA enable the identification of typical 
recurrent patterns in traffic flow, providing a rapid and interpretable scheme for detecting anomalies and unusual 
traffic conditions. Through two-dimensional CRP visualization and CRQA metrics, the spatial dependencies 
between a target IS and its neighboring ISs are quantified, and these relationships are further validated through 
predictive experiments. The proposed framework offers a forward-looking and efficient approach for supporting 
urban traffic perception, anomaly detection, and predictive management in complex smart city environments. By 
leveraging both temporal and spatial features of UOCT, the method enhances situational awareness and provides 
robust data support for adaptive and resilient traffic control, contributing to more intelligent and reliable urban 
transportation systems.

Despite these promising results, some limitations and deployment challenges remain. First, the analysis is 
based on UOCT data from specific regions, and broader validation across diverse urban contexts is needed to 
confirm the generalizability of the framework. Second, the selection of embedding parameters and recurrence 
thresholds may affect the robustness of the results, highlighting the need for adaptive or automated parameter-
tuning strategies. Third, while RP and CRP analysis offer rich insights, their real-time application in large-scale 
urban environments requires careful optimization to ensure computational efficiency. In terms of deployment, 
integrating the proposed method with existing traffic monitoring infrastructures (e.g., roadside sensors, UAVs, 
and camera networks) will require addressing interoperability and scalability issues. Furthermore, future work 
should also examine the resilience of the framework under extreme conditions, such as large-scale events or 
sudden disruptions. Addressing these challenges will be crucial for translating the proposed approach into 
practical, city-scale intelligent transportation systems.
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