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Abstract

Introduction. With highway congestion increasing, the efficiency of intelligent transportation systems depends on high-
quality short-term traffic prediction. Statistical methods do not adequately account for nonlinear and dynamic traffic
changes. Long short-term memory (LSTM) and support vector machines (SVR) offer more promising solutions. However,
they are not ranked in terms of accuracy, as there are no studies comprehensively comparing their adequacy for short-
term traffic flow prediction. The proposed study fills this gap. The research objective is to compare the accuracy of LSTM
and SVR, and select the optimal approach for traffic flow prediction on Shenzhen Meiguang Expressway.

Materials and Methods. Traffic detector data was collected on the Meiguan Expressway in June 2021. Data preprocessing
methods were used, including weighted mean imputation and normalization. Autocorrelation analysis was used for feature
extraction, along with the creation of an interaction variable between speed and detector occupancy. Models were trained
and tested on data collected from detectors at 5-minute intervals.

Results. LSTM performed 17.86% better in terms of root mean square error, 19.82% better in terms of mean absolute
error, and 25.78% better in terms of mean absolute percentage error. In periods with the lowest flow rate prediction error,
RMSE, MAE, and MAPE for the LSTM model were 36.5%, 34.3%, and 42.3% lower, respectively. In periods with the
highest error, RMSE, MAE, and MAPE for the LSTM model were 73.2%, 65.4%, and 64.4% lower, respectively. The
Wilcoxon signed-rank test <0.05 confirmed the statistical significance of the differences.

Discussion. The superior predictive performance of LSTM stems from its architecture, namely, the combination of
interaction variables and lag metrics. LSTM accounts better for flow time dependences, adapts to complex, long-term
dynamic changes, and remains accurate even with significant fluctuations. The lower predictive performance of SVR
stems from its weak, nonlinear approximation ability. Sudden flow changes increase significantly error rates.
Conclusion. When choosing between a neural network and a machine learning model for short-term traffic flow
prediction on an expressway, the neural network model, such as LSTM, should be preferred. These research results can
be useful in predictive strategies for reducing congestion. Short-term prediction based on LSTM can serve as a basis for
optimizing traffic management, reducing congestion and pollutant emissions, and for optimizing intelligent transportation
systems. A promising direction is the development of hybrid architectures that integrate contextual data (weather,
infrastructure, accidents) to improve real-time predictions.

Keywords: short-term traffic flow prediction, traffic flow prediction error, long short-term memory (LSTM) model,
support vector machine for regression (SVR)
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AHHOTaLMA

Beeoenue. Tlpu pacrymieii 3arpyKeHHOCTH aBTOMarucTpayied 3¢(heKTHBHOCTh MHTEIUICKTYaIbHBIX TPAHCTIOPTHBIX CH-
CTEM 3aBHCUT OT KaU€CTBEHHOI'0 KPaTKOCPOYHOTO MPOrHO3UPOBAHMSA NOTOKOB. CTaTUCTUUECKUE METO/IbI HELOCTATOYHO
TOYHO YUYWTHIBAIOT HEJIMHEWHBIC U IMHAMUUYECKHE 3MeHeHHs Tpaduka. bonee mepcrneKTHBHBI MOJENb OO KpaTKo-
cpounoii mamsata (LSTM) u meton onopHBIX BekTopoB (SVR). OaHako OHM HE paHKUPOBAHBI B TUIaHE KOPPEKTHOCTH,
TaK KaK HEeT paboT MO KOMIUIEKCHOMY COIIOCTABJICHHIO UX a/IeKBATHOCTH VIl KPATKOCPOYHOT'O IIPOTHO3MPOBAHUS ITOTO-
koB. [IpencraBieHHOE HCClIEIOBaHUE BOCIOJHAET 3TOT npobden. Llens paboTel — cpaBHUTENBHBIN aHANIN3 TOYHOCTH
LSTM u SVR 1 BBIOOp ONTUMAIEHOTO TIOIX0/1a JJISI POTHO3UPOBAHUS TPAHCIIOPTHOTO MOTOKA HAa aBTOMarucTpand Moii-
ryad HIsHpwKaHS.

Mamepuanst u memoowl. JlaHHbIE ETEKTOPOB TpaHCTIOpTa coOpaHsl B MioHe 2021 rona Ha aBTOMarucTpaiu Moiiryas.
Vcnonp30Bannck METOIBI IPEIBAPUTEIbHON 00pabOTKH JaHHBIX, BKIIIOYAs 3aIIOJTHEHHWE B3BEIICHHBIM CPEIHUM H HOP-
Manu3anuio. [{ng n3BiIedeHus MPU3HAKOB MPUMEHHIIN aBTOKOPPEIIIMOHHBIA aHali3, a TakXKe CO3/IaHhe IepeMEeHHON
B3aUMO/ICHCTBUS CKOPOCTH M 3aHATOCTH JieTekTopa. Mozenn o0ydaiuch ¥ TECTHPOBAINCH Ha JTAHHBIX, MTOJYYEHHBIX C
JIETEKTOPOB C 5S-MUHYTHBIMHU HUHTEPBAJIAMU.

Pezynvmamut uccnedosanus. Iloxazarenu LSTM nyume Ha 17,86 % mo cpennekBanpaTtmueckol, Ha 19,82 % — mo
cpemHeil abcomoTHOW 1 Ha 25,78 % — mo cpenHeit abCOMOTHON MPOLEeHTHOH ommOke. B mepronax ¢ HanmMeHbIIeH
omuOKoi poruo3upoBanus nHTeHCUBHOCTH NIoToka RMSE, MAE u MAPE s monenu LSTM oka3anuch MEHbIIE Ha
36,5 %, 34,3 % u 42,3 % coorBeTcTBeHHO. B mepuogax ¢ Hambonbmei omuokoit RMSE, MAE u MAPE nins LSTM
okazanuch Menbie Ha 73,2 %, 65,4 % u 64,4 % cootBeTcTBeHHO. Kpurepuit Yunkokcona <0,05 moaTBepaui CTaTUCTH-
YECKYI0 3HAUUMOCTh Pa3IHUIHi.

Oébcyscoenue. Jlyumue porHO3HBIE BO3MOKHOCTH LSTM 0O0yClIOBICHBI €€ apXHUTEKTypoil, a UMEHHO KOMOWHHpOBa-
HUEM MEePEMEHHBIX B3aMMOACHCTBUS U JAaroBbIX mokazatenei. LSTM myulie yduTeiBaeT BpeMEHHbBIE 3aBUCIMOCTH T10-
TOKA, aIaNITHPYETCS K €r0 CIIOKHBIM, JOITOCPOYHBIM TUHAMUYCCKHM H3MECHEHUSAM U OCTaeTCsS TOYHOH Jake MPU 3HAYH-
TEJILHBIX KoJeOaHusax. MeHbIas nporHosHas ¢ dektuBHOCTh SVR 00yciioBieHa cinaboil, HeMMHEHHON anmpoKCUMHUPY-
1o11el crocoOHOCThIO. [IpH pe3Kknx M3MEHEHHSIX ITOTOKA CYIIECTBEHHO YBEINUNBAIOTCS MTOKA3aTEeNN OIIHOOK.
3akniouenue. I1pyu KPaTKOCPOIHOM NPOTHOZUPOBAHUH TPAHCIIOPTHOTO MOTOKA HA CKOPOCTHON aBTOMAarucTpaiy, BHIOU-
past Mexay HeMpoceTeBOM U MallMHHOM MOJEIbIO, CIeIyeT MPeANnovecTs HeipoceTeByto — Hanpumep, LSTM. Pesyib-
TaThl MCCIIEIOBAHUS IIeIecO00pa3HO MCTIONB30BaATh B NMPEIUKTUBHBIX CTPAaTETUSAX CHIDKEHHS 3aTopoB. KpaTtkocpodHoe
nporao3upoBanue Ha ocHoBe LSTM moxkeT ObITh 6a30i U1 ONTHMH3ALMH YIIPABJICHHUS JOPOKHBIM JIBUKEHHUEM, CHH-
JKCHHS 3aTOPOB U 3arpsi3HAIONINX BHIOPOCOB, a TAKXKE ISl ONTHMU3ALUN HHTEIUICKTYAIBHBIX TPAHCIIOPTHBIX CHCTEM.
[epcriekTHBHOE HaNpaBJICHHE — pa3padOTKa FTHOPUIHBIX APXHUTEKTYP, HHTETPUPYIOIIUX KOHTEKCTHBIE TaHHBIE (TIOTOAa,
uHppacTpyKTypa, aBapuu) [Uis YIIydlIeHHs IPOTHO30B B PEKHME PEalbHOrO0 BPEMEHH.

KuroueBble ¢10Ba: KpaTKOCPOYHOE NMPOTHO3UPOBAHNE TPAHCIIOPTHBIX ITOTOKOB, OIIMOKA IPOTHO3NPOBAHMS HHTCHCHBHOCTH
MOTOKA, MOJIEIb OTOi KpaTkocpouHoi mamstu (LSTM), MeTos onopHBIX BEeKTOpOB i perpeccud (SVR)

BaarogapHocTu. ABTOPBI BRIpAXKAIOT OJIAar0IAPHOCT PENAKIIMK U PEIICH3EHTaM 3a BHUMATelIbHOE OTHOIIIEHUE K CTaThe
Y 3aMEYaHMts1, KOTOPHIE TO3BOJIMIIHU MOBLICUTH €€ KaueCTBO.

Jna uutupoBanmusa. Tommwmua U.B., Xanp M., ®eodunoBa A.A., BeckonbuibHeni H.A. CpaBHUTETBHBIN aHATN3
HEWpOCETEeBOM M MAIIMHHOW MOJENEN JUIsl KpaTKOCPOYHOTO MPOTHO3UPOBAHUS TPAHCHOPTHOIO MOTOKA HA CKOPOCTHOM
apromaructpanu Mbpiiryan Ilaupuxonsa. Advanced Engineering Research (Rostov-on-Don). 2025;25(4):350-362.
https://doi.org/10.23947/2687-1653-2025-25-4-2215
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Introduction. The solution to the pressing global problem of efficient traffic management relies on accurate traffic
analysis and prediction. Urbanization and globalization are transforming and overburdening road transport systems,
requiring fundamentally new and universal approaches to manage them. Obviously, neural network solutions and
adequate machine models can provide such solutions. Their testing and training should be based on data obtained on high-
speed highways in megacities. In this case, the results can be extrapolated to similar systems, i.e., major highways with
heavy traffic.

This research utilized data collected in Shenzhen, a large city in southeastern China. With a population exceeding 17.5
million, motorization is growing at an annual rate of 8%. Consequently, the metropolis faces increasing congestion on its
386-kilometer-long highways'. The rapid development of the road network, on the one hand, contributes to significant
economic growth in Chinese newest megacity, but on the other, it overloads the transport network and leads to
disruptions [1]. Thus, Shenzhen problem is not a local anomaly, but a typical example of the “success disease” facing megacities
worldwide. The current situation directly contradicts the following key UN Sustainable Development Goals (SDG)?.

SDG 3 “Good Health and Well-Being”. Congestion is not just a waste of time. It is a source of chronic stress, increased
noise, and, most importantly, air pollution (PM2.5, NOx). According to the WHO, air pollution is one of the leading health risks.

It is important to note that the electrification of transport, which Shenzhen is actively promoting, is only part of the
solution. Decarbonization by reducing the number of private cars is also needed.

SDG 9 “Industry, Innovation, and Infrastructure”. Chronic congestion reduces economic competitiveness of the city.
Losses from congestion increase logistics costs, reduce labor productivity, and make areas less attractive for investment.

SDG 11 “Sustainable Cities and Communities”. Congestion makes cities unsustainable. It reduces the efficiency of
urban systems, increases the time and cost of travel, impairs access to basic services (healthcare, education), and reduces
quality of life.

SDG 13 “Climate Action”. The transport sector is a major source of greenhouse gases. Congestion significantly
increases CO: emissions per passenger-kilometer or ton-kilometer for passenger and freight transport, respectively.

The global scale of the problem stimulates scientific research in this area. One of the fundamental challenges of
effective traffic management is high-quality operational (short-term) prediction. Currently, this task has not been solved,
which is proved by the analysis of literary sources presented below. In most cases, the data presented therein is either
fragmentary or does not take into account the specifics of high-speed highways.

Short-term traffic flow prediction (STTFP), a key task of intelligent transportation systems (ITS), enables proactive
congestion management through dynamic pricing, route optimization, and rapid response to traffic incidents [2]. However,
the nonlinear, seasonal, and stochastic nature of road traffic limits the efficiency of traditional statistical forecasting
methods [3]. Examples include the autoregressive integrated moving average (ARIMA) model [4] and k-nearest
neighbors (ANN), which do not always adequately reflect complex spatiotemporal dependences [5].

Recent advances in deep machine learning have revolutionized short-term traffic prediction. Long short-term memory
(LSTM) models with a memory cell architecture are excellent at reproducing sequential data and are ideal for traffic
prediction [6]. Support vector regression (SVR) also has its advantages [7]. It is kernel-based, robust, and computationally
efficient in high-dimensional spaces [8]. Machine learning advancements have also promoted the widespread use of SVR,
which utilizes kernel techniques to handle nonlinear dependences [9]. Deep learning models, especially LSTMs, dominate
recent STTFP research [10].

A comparative analysis of LSTM and SVR showed good applicability of these methods to various traffic density
variations. Furthermore, high accuracy in predicting traffic flow speed was demonstrated [11].

Despite the widespread use of these methods, there are still few comparative studies for highways with heavy, high-
speed traffic. There is some information on point-type objects such as urban intersections or local highway sections. At
the same time, there is not enough research with a comprehensive analysis of the highway network.

This paper is aimed to fill this gap. The Meiguang Expressway in the Chinese metropolis of Shenzhen is used as a
case study. The objective of the paper is to compare the accuracy of LSTM and SVR models and select the optimal
approach for predicting traffic flow on the Meiguang Expressway in Shenzhen. To reach this objective, the authors
developed an integrated approach to data preprocessing and feature extraction. The potential for practical application of
the models in ITS systems was explored.

! China Statistical Yearbook 2023. URL: https://www.stats.gov.cn/sj/ndsj/2023/indexeh.htm (accessed: 06.10.2024).
2 Sustainable Development Goals. United Nations. (In Russ. URL: https://www.un.org/sustainabledevelopment/ru/sustainable-development-goals/
(accessed: 21.10.2025).



https://vestnik-donstu.ru/
https://www.stats.gov.cn/sj/ndsj/2023/indexeh.htm
https://www.un.org/sustainabledevelopment/ru/sustainable-development-goals/

Topilin IV, et al. Comparative Analysis of Neural Network and Machine Learning Models ...

Materials and Methods. The Meiguan Expressway (Fig. 1), located in Shenzhen, Guangdong Province, China, is a
19.3-kilometer section of the G94 Expressway (Pearl River Delta Ring Road). The design speed is 100 km/h.

i BFIWORLO)
4.cocopark

Fig. 1. Experimental section of the Meiguan Expressway (screenshot of a map from open sources)

The study focused on the south-north direction of the Meiguan Expressway. Data was collected using six inductive
loop detectors (ILD) installed in the inner and outer pathways.

The following parameters were recorded at 5-minute intervals:

— traffic volume (units/5 min);

— detector occupancy (%);

— average speed (km/h);

— date and time interval (5 min);

— observation period: 7 days (from June 15 to June 21, 2021).

Total data volume: 1,144 records.

To improve the quality of analysis and modeling, preliminary data processing was performed [12]. The following were
its stages.

1. Data screening. A selection from a set for identifying data that was valid and relevant to the model. Initially, the
source dataset was divided by dates to select records with the most complete data, without obvious gaps. Invalid records
with obvious gaps were removed. From the selected dates with complete data, consecutive dates were selected to study
temporal variations in the flow.

2. Completing missing data. To provide accurate data collection, the equipment must operate without interruption.
This can be hampered by random factors such as malfunctions, vehicle detector failures, weather conditions, power
outages, etc. Therefore, the collected data was sometimes incomplete and contained gaps. However, they might contain
important information about the process patterns. As a result, the prediction model did not receive sufficient data and
became unstable, reducing the prediction reliability. Thus, before building a prediction model, it was required to fill in
the missing data.

To compensate for periodically occurring time gaps in the traffic flow data, the presented work used the weighted
mean method [13].

Step 1. Obtaining the mean value of traffic intensity for # points in time preceding the current moment:

fl(t)zfk(t—1)+f"(t—2)+~--+f" (t—n).

n
Step 2. Mean traffic intensity at the current moment, for the previous m days:

flkem) (t)+f(k—(m—l)) (£)+--+ £ (2)

m

f2(1)=
Step 3. Filling in missing data:
r90)=af (1) +(1-a) 12 (1),

where /#(f) — reconstruction of traffic flow data at time ¢ of day k, @ — weight coefficient, a = 0.6.
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The method is the basic one when working with missing data. It takes into account such properties of traffic volume
data as:

— cyclical nature — fi(?);

— temporal nature — f(?), i.e., the effect of traffic data from previous time points.

3. Normalization. Traffic flow data can vary significantly depending on the time of day, road segment, and other factors,
resulting in a wide spread of values. The activation function of some neural nodes takes values in the range [0, 1]. Therefore,
normalization is performed before training [14]. This eliminates the impact of outliers in the data (samples that deviate
significantly from others), and also speeds up network training and improves convergence.

The basic normalization methods are linear, nonlinear, and 0-mean normalization. The activation function takes values
from 0 to 1, therefore, this article uses the maximum-minimum linear normalization method to transform traffic flow
values into the range [0, 1]:

_ f _f min
ft)=——=—
f max f min
where f— raw traffic flow data; f,,;, — minimum value in traffic flow data; f,,.. — maximum value in traffic flow data;

f(t) — normalized value of traffic flow.
The processed data were reduced using the inverse normalization formula after the prediction model was derived:

f =(fmax _fmin)f(t)-l-fmin'

The data sampling frequency was 5 minutes, and the final preprocessed data volume was 3,168 records. Some of these
records, obtained on June 17, 2021, are presented in Table 1.

Table 1
Examples of Preprocessed Experimental Data
Traffic intensity, units/5 min Detector occupancy, % Traffic flow speed, km/h Tim: irlrlltiirval’
258 13.93 83.62 1
255 14.48 79.88 2
223 12.08 82.25 3
340 18.39 82.04 4
254 13.86 83.3 5
263 13.98 84.87 6
231 12.49 85.89 7
151 7.87 84.94 8
223 11.96 83.81 9
226 11.95 86.92 10
166 8.59 86.17 11
140 7.45 83.29 12
143 7.85 83.99 13
231 12.67 84.71 14
147 7.55 89.53 15
96 4.90 90.74 16
128 7.02 83.94 17
106 5.75 81.99 18
128 7.24 79.4 19
136 6.99 84.57 20
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Feature extraction is a key step in building an effective traffic flow prediction model. Traffic data analysis and
processing provide key feature information, which improves model performance and accuracy.

1. Time-lag feature extraction.

Data from one time series depends on other time series, and the autocorrelation function (ACF) describes the
correlation of a time series with different lags, i.e., the degree of linear correlation between the series itself and its own
lagged values [15]. This determines the relationship between current and past values. When analyzing time series, the
relationship between the current value Y; and its value Y; at some previous point in time is of interest. Period of Lag & is
the time interval between the current time point ¢ and k-th time point in the past #-k.

When predicting traffic flows, ACF was used to determine periodicity and trends in time series data. This made it

possible to select an appropriate lag step as a feature and reflect the dynamics of changes in traffic flow parameters (Fig. 2).

5,000

4,000

3,000

2,000

Traffic intensity, units/h

1,000

1 101 201 301 401 501 601 701 801 901 1001 1101

Entry in transport detector data

Fig. 2. Traffic dynamics on Meiguan Expressway

For the time series of traffic flow data, the ACF was calculated and the correlation between different time lags (e.g.,
t-1, t-2, ..., t-n) and the current moment ¢. The calculation results are presented in Figure 3.

1.2

1.0

0.8

0.6

0.4

0.2

Autocorrelation coefficient

0.0

Lag
Fig. 3. Autocorrelation coefficients for different lag steps

Using the ACF threshold filtering method, three time lags with an autocorrelation coefficient >0.6 were selected: (Lag
1: 0.70, Lag 2: 0.63, Lag 3: 0.60). These lags were chosen as input features for the model. This approach enhances the
model's ability to capture temporal patterns and provides a reliable data base for subsequent prediction models.
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2. Interaction of speed and detector occupancy.

The product of speed and detector occupancy is used as a complex metric to represent the spatial-temporal variation
of traffic flow [16]. Detector occupancy and speed are important traffic flow metrics. Their product can be used as a
“feature interaction” term. This creates a new feature that better reflects the complexity and dynamics of traffic flow.
Adding interaction terms can improve the expressiveness and approximation capabilities of machine learning models,
specifically those such as LSTM and SVR. Interaction terms provide more information, helping the model better
understand patterns and relationships in the data.

Model Architecture and Estimates

1. Support vector regression (SVR) is an extension of the support vector machine (SVM) algorithm [17]. The SVR
model is suitable for solving complex nonlinear regression problems. It adapts well to nonlinear characteristics of traffic
flow data, is highly robust to outliers, and can adapt to various data characteristics through adjusting the kernel function
and regularization parameters. Therefore, in this paper, the SVR model is used as a comparative model for traffic flow
prediction.

2. The long short-term memory (LSTM) neural network model is a variant of a recurrent neural network that is
specifically designed to solve problems with long-term temporal dependences [18]. An LSTM directed recurrent neural
network is capable of deeply revealing temporal dependences in predicting problems and effectively approximating
nonlinear data. It can also retain information from time series for a long time [19]. This provides high efficiency of the
model when working with data that has long time intervals and high latency. The advantages of LSTM in time series
prediction and its high accuracy in long-term predictions are well known [20]. At the same time, the model has good
robustness and flexibility, which allows it to be used for predicting traffic flows under vehicle-road coordination
conditions. It is important to note that the LSTM structure combined interaction variables and lag indicators to improve
prediction accuracy.

This paper evaluates the model prediction performance using the following representative performance metrics:

— mean absolute error;

— mean absolute percentage error;

— root mean square error [21].

This approach allows us:

— to quantitatively evaluate the accuracy of LSTM and SVR models;

— to visualize the discrepancy between actual traffic flow and the prediction results obtained using LSTM.

To test the statistically significant difference between the prediction errors of the LSTM and SVR models, this paper
uses the Wilcoxon signed-rank test [22]. This is a nonparametric test for paired data in statistics. It is especially useful for
small samples and when the data does not follow a normal distribution. The initial hypothesis (H0) of the test is that there
is no significant difference between the prediction errors of the LSTM and SVR models. P-value is a probability value
used to detect a significant difference between two related samples. If P is less than a specified significance level (usually
0.05), the null hypothesis is rejected. In this case, it is assumed that the distribution of the difference between the two
samples varies, meaning the sum of the ranks is significantly dissimilar. This paper demonstrates a significant difference
in the prediction performance of LSTM and SVR. The calculation steps are described below.

Step 1. Calculating the difference in prediction errors between two models. The difference in prediction errors for
each observation is calculated using the formula:

d, = e(ISTH) _ ofSVR),

Step 2: Calculating the absolute values of the differences and ranking them.

Step 3: Calculating the sums of positive and negative ranks.

Step 4: Calculating the Wilcoxon P and comparing it to the critical value.

Results. In this study, Python was used to preprocess traffic data. The experimental dataset consisted of traffic data
from June 17 to 20, 2021 (Table 2). The data was recorded at 5-minute intervals and contained 1,144 records. For traffic
flow prediction and model evaluation, the data was divided into training and test sets.

Table 2
Statistical Information about Datasets
Indicator Traffic intensity (units/h)

Minimum value 84

Maximum value 4968
Mean value 2052
Median 1944
Standard Deviation 864
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The minimum traffic volume value is 84, and the maximum is 4968, indicating significant data dispersion. This
suggests extremely low traffic volumes during certain periods of the day (e.g., early morning) and extremely high traffic
volumes during rush hours. The mean value is 2052, and the median is 1944. The fact that the median is slightly smaller
than the mean indicates the right-skewed data distribution. This means that traffic volume is high in most time intervals,
while some periods of low volume (primarily early morning and late night) reduce the overall mean value. A standard
deviation of 864 confirms significant flow fluctuations and sudden changes in traffic volume. Thus, the dataset is suitable
for studying long-term dependences and nonlinear characteristics of time series and can serve as an experimental sample
for traffic flow prediction.

As noted above, to improve prediction efficiency, this study uses the lag characteristic and the interaction variable
between speed and detector occupancy as input features. This allows for a full accounting of the relationships between
time series information and flow characteristics.

The SVR method uses the radial basis function (RBF kernel) as a kernel to capture nonlinear relationships.

Key parameters:

1) penalty coefficient C = 2 (tolerable error control);

2) maximum number of iterations — 120.

The LSTM parameters used in this study are described below.

1) Input layer: time step is the feature extraction delay step, which is equal to 1, 2, 3.

2) Hidden layer: single-layer LSTM structure containing 150 cells using the tanh activation function.

3) Regularization: a 10% dropout mechanism used to prevent overfitting.

4) Output Layer: a fully connected layer using a linear activation function to ensure continuous predicted values.

5) Training Strategy: Adam optimizer, learning rate = 0.08, batch size = 128, number of training rounds (epochs) = 120.

Figures 4 and 5 show the comparison of predicted and true values for the LSTM and SVR models.
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The graphs show that the predicted values of the LSTM and SVR models reproduce real traffic flow dynamics well,
with a small range of prediction errors. Therefore, these models were selected as control models for further evaluation of
the efficiency of various methods in traffic flow prediction.

To increase the reliability of the experimental results and further validate the efficiency of the predictive models, this
study conducted 10 training runs with different random initial values. In each experiment, the results for root mean square
errors (RMSE), mean absolute errors (MAE), and mean absolute percentage errors (MAPE) were recorded.

To more clearly evaluate predictive performance, RMSE was chosen as the primary metric. From 10 experiments for
each model, the five best results were selected, from which average values were calculated for comparative analysis.

Table 3 shows the prediction accuracy of the LSTM and SVR models. The RMSE, MAE, and MAPE errors for the
LSTM model were 17.86%, 19.82%, and 25.78% lower, respectively, indicating higher prediction accuracy. MAPE
reflects the percentage of prediction error relative to actual values. A lower MAPE score indicates more little relative
errors for LSTM at different flow levels. LSTM demonstrates prediction stability during both peak and minimum periods,
while SVR is more sensitive to extreme values.

Table 3
Prediction Errors of LSTM and SVR Models
Model RMSE MAE MAPE
LSTM 4.6 3.48 2.39%
SVR 5.6 4.34 3.22%

Figure 6 shows the absolute percentage error of the predicted values relative to the actual values for each time
interval along the flow time series. It is clearly seen that the absolute percentage error of the LSTM model is lower at
most time points.
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Fig. 6. Absolute percentage error for different time slices of LSTM and SVR

Comparing Figure 6 and Figure 4 (real values) shows that the peaks in the graph with large prediction errors
correspond to time intervals with sharp changes in flow intensity. LSTM produces more stable prediction results and
outperforms SVR in capturing flow peaks with nonlinear dynamic changes.

From Figure 6, we extracted the time intervals with the greatest error (timeslice: 36—72) and the least error
(timeslice: 108—144). The numbers represent the 5S-minute intervals. Data from these two periods was used in training
models and predicting traffic flow to compare the ability of LSTM and SVR to capture dynamic characteristics of
traffic flow. Figure 7 shows the prediction results of the LSTM and SVR models for the two specified time periods
compared to the actual values.
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Table 4 presents the prediction results of the two models for the periods with the greatest and least errors.

Table 4
Data on the Least and Greatest Prediction Errors of LSTM and SVR
Period Model RMSE MAE MAPE
. LSTM 6.14 4.84 2.99%
With the least error

SVR 9.67 7.37 5.19%

With th test LSTM 332 2.57 2.88%
i e greatest error

& SVR 12,39 7.43 8.09%

The comparison shows that LSTM demonstrates better accuracy in periods with the least flow rate prediction error:
the RMSE, MAE, and MAPE errors for the LSTM model are 36.5%, 34.3%, and 42.3% lower, respectively. In periods
with the greatest flow rate prediction error, the advantage of LSTM is particularly noticeable: the RMSE, MAE, and
MAPE errors for the LSTM model are 73.2%, 65.4%, and 64.4% lower, respectively. This shows the higher adaptability
of this model.

To statistically test the significance of differences between the models, the Wilcoxon signed-rank test is used. The
result (P = 2.44e-15) is tangibly less than 0.05. Therefore, the null hypothesis of no difference in prediction errors should
be rejected. This proves a statistically significant difference in the performance of the models.

Along with RMSE, MAE, and MAPE evaluation, it is confirmed that the LSTM error is significantly lower and the
error distribution is more concentrated, indicating higher prediction stability. The results convincingly demonstrate the
advantages of LSTM when working with traffic flow time series data.

Discussion. Thus, prediction quality depends on the model architecture. Combining interaction variables and lag
metrics in the LSTM structure resulted in improved prediction accuracy. Experiments revealed that LSTM outperformed
SVR in terms of root-mean-square, mean absolute, and mean absolute percentage errors. This confirmed its superior
predictive power under various traffic flow conditions. Flow stability affected prediction accuracy, but LSTM, thanks to
its superior time series modeling capabilities, was able to more effectively account for flow temporal dependences and
maintain high accuracy even under significant fluctuations. It is worth noting that LSTM not only effectively accounted
for traffic flow temporal dependences but also adapted to complex, long-term dynamic changes. Hence — the more
accurate results of short-term prediction.
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The advantages of LSTM were significantly more pronounced in periods with the greatest flow rate prediction errors.
The gain of this model in absolute percentage error in periods with the least error reached 42.3%, while in periods with
the greatest error, it was 64.4%. For RMSE and MAE, the difference was twofold or almost twofold. The RMSE figures
were 36.5% (periods with the least error) and 73.2% (periods with the greatest error). The corresponding figures for MAE
were 34.3% and 65.4%.

The SVR method adapts well to nonlinear characteristics of traffic flow data, it is robust to outliers, and can adapt to
various data characteristics through adjusting the kernel function and regularization parameters. Its computational
efficiency is higher. However, this model is more sensitive to data noise due to the complexity of modeling long-term
time dependence, which reduces prediction stability, especially in the presence of dynamic traffic flow fluctuations with
great errors. The predictive performance of SVR is limited by its weaker, nonlinear approximation ability to sudden flow
changes due to limitations of its own architecture, resulting in a significant increase in errors.

Conclusion. This study compared the performance of long short-term memory (LSTM) networks and support vector
machine regression (SVR) for short-term traffic flow prediction on the Meiguan Expressway in Shenzhen. The LSTM
model performed 17.86% better than the SVR in terms of mean squared error, 19.82% better in terms of mean absolute
error, and 25.78% better in terms of mean absolute percentage error.

LSTM is also supported by its higher accuracy in periods with both the least error and the greatest one. In the first
case, compared to SVR, the LSTM errors were 34.3-42.3% lower, in the second — by 64.4-73.2 %.

Thus, when choosing between a neural network and a machine learning model for short-term traffic flow prediction
on a highway, the neural network model, in this case LSTM, should be preferred.

Let us outline three major results of this study for solving the problem of high-quality short-term prediction of traffic
flows in large cities.

1. Using the Shenzhen Expressway as an example, it has been experimentally proven that LSTM as part of an
intelligent transportation system can predict traffic flows quite reliably.

2. The differences in prediction accuracy between LSTM and SVR models were quantified, providing an objective
basis for selecting algorithms for building traffic management systems. Statistical analysis confirmed the significance of
the differences.

3. The following conclusions are important for the practice of traffic management on highways in large cities.

— LSTM effectively adapts to the temporal characteristics of traffic flows on highways.

— LSTM provides accurate predictions even under conditions of sharp fluctuations in traffic volume.

— The research findings enable the development of predictive strategies to reduce congestion.

Short-term traffic flow prediction based on LSTM allows for relatively accurate traffic volume prediction. This can
serve as a basis for optimizing traffic management strategies, reducing congestion and pollutant emissions, and optimizing
intelligent transportation systems.

A promising area for further research is the development of hybrid architectures that integrate contextual data (e.g.,
weather conditions, traffic incidents, or infrastructure features). This will improve the reliability and robustness of real-
time prediction.
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