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Abstract. Accurate short-term traffic flow prediction is needed for the adaptive signal control, route guidance, incident
response, and energy-saving urban mobility services. Although the accuracy of temporal forecasting by the current deep
learning models has increased, most of them treat road segments as independent sequences or fail to consider the physical
network structure in the integration of external factors. Propose a multimodal traffic flow prediction model based on long
short-term memory and graph convolutional networks in this paper. Combine the attributes of road detector flow, speed,
occupancy, weather, time-of-day calendar and local demand into a unified feature tensor for the model. A normalised Graph
Convolutional Network (GCN) module extracts spatial correlations from both topological adjacency and data-driven similarity,
and an LSTM module learns recurrent temporal dependencies to generate multi-horizon traffic flow forecasts. A Gated
Multimodal Fusion Layer is added to adjust the weight given to different kinds of input data dynamically in peak, off-peak
and bad-weather periods. A study area of an urban traffic network is set up, with 214 sensor nodes and 62 days of five-
minute observations. Among the baselines of ARIMA, SVR, LSTM, GCN and STGCN, the proposed LSTM-GCN model reduced
the 30-minute MAE by 13.8% compared with the best baseline and exhibited stable performance in congestion regimes.
Based on the above experiments, both explicit spatial graph construction and disciplined multi-modal fusion are required for
stable engineering applications.
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Introduction

Urban traffic systems are now densely instrumented environments where road sensors, connected vehicles,
weather stations and mobile services continuously provide partial observations of demand and supply [1].
Therefore, short-term traffic flow prediction can no longer be performed by extending a single historical series;
congestion results from the interaction of topology, signal timing, weather exposure, local travel demand and
recurrent commuting behaviour [2]. If the predicted flow is accurate for the next 15-60 minutes, then adjust
ramp metering and arterial coordination at the traffic management centre and inform drivers in advance of a
queue [3]. Prediction can also be applied to reduce emissions; otherwise, due to an unstable stop-and-go wave,
more fuel will be consumed even if the total demand has changed little [4]. Classical statistical models are
suitable for stable linear regions but cannot capture the nonlinear transition during free-flow to over-saturated
operation [5]. Although machine learning models can perform non-linear fitting, they may overlook the road-
network structure and fail to recognise local fluctuations as transferable congestion patterns [6]. Deep recurrent
models have captured the temporal dependencies; however, their performance degrades when nearby links
apply delayed pressure that is not explicitly represented [7]. Graph neural networks can present the structure
of the road network intuitively, but they are only effective when combined with other kinds of data and time-
series recurrence in a trainable forecasting system [8].
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Recently, some studies have shifted from single-source traffic analysis to multi-source analysis and added flow
count data with speed, occupancy, weather, holiday and regional activity factors [9]. Therefore, even if the flow
value is the same, it will be in different states under different conditions such as rain, after a public holiday, or
during a peak hour of a normal weekday [10]. Multimodal features are not inherently advantageous; rather,
poor alignment, redundant variables and uncontrolled scaling can introduce noise into a model that already has
high capacity [11]. Another unresolved issue is the construction of the traffic graph; that is, purely geographic
adjacency may fail to capture functionally similar roads, and purely statistical similarity can introduce unstable
edges that vary with the training window [12]. Long Short-Term Memory networks are suitable for dealing with
time-series data and memory, but they cannot determine how to spread information at different intersections
and corridors independently [13]. Graph Convolutional Networks can address spatial dependencies, but a
temporal mechanism is required to prevent generating a static smoothed result for dynamic traffic conditions
[14]. Therefore, a model with the above features will help achieve more accurate and explainable predictions of
traffic flow [15].

Given the above deficiencies, this paper introduces an LSTM-GCN model for multi-source traffic flow prediction.
First, the heterogeneous traffic and context observations of the proposed model are aligned in a five-minute
temporal grid, and then a hybrid graph is constructed by combining road adjacency with historical flow similarity.
A Graph Convolutional Block learns spatial features at each time step, an LSTM block models temporal
dependencies, and a gating mechanism regulates the influence of exogenous modalities before multi-horizon
prediction. The three contributions are: a compact multimodal representation of traffic flow forecasting, a
hybrid spatial graph that balances physical topology and empirical similarity, and an experimental evaluation
reporting accuracy, horizon stability, modality contribution, congestion-regime behaviour, and computational
efficiency. The five chapters of this paper are as follows: Review of related work on deep traffic prediction and
multimodal fusion; Methodology of the proposed model; Experimental results and data analysis; Conclusion and
future work directions.

Related Work

Deep Learning for Traffic Flow Prediction

Currently, most traffic flow prediction models are no longer conventional parameterised time-series models but
rather machine learning and deep spatio-temporal models. Historical averages and autoregressive models are
simple to understand and computationally inexpensive, but they assume that the future can be largely
represented by recent trends and seasonal repetitions [16]. Support Vector Regression and tree-based models
can learn nonlinear relationships, but their feature design is generally handcrafted, and their spatial awareness
is limited unless explicit neighbourhood variables are added [17]. Recurrent Neural Networks, and particularly
LSTMs, have been widely used due to the characteristics of traffic flow that include both short bursts and
extended periodic memory; they are not well-suited for regular feedforward networks [18]. However, the
individual sensor models do not consider upstream-downstream dependencies; thus, they may predict a
downstream recovery before the upstream bottleneck has dissipated [19]. Graph Convolutional Traffic Models
have added information aggregation across road networks to address the previous shortage; however, a graph-
only design may oversmooth local states and fail to accurately capture delayed temporal propagation [20].

Therefore, the engineering problem is not whether temporal or spatial learning is suitable, but how to combine
them without instability in the model. Directly connect Graph Convolutional Networks (GCNs) with a recurrent
prediction model to retain the physical meaning of road links and perform temporal memory operations on
learned spatial features. Some research has added a multi-step decoder to address the problem of recursive
error, but such decoders need to be rigorously verified because longer prediction horizons are more prone to
fluctuations in peak periods. Therefore, this paper uses a graph convolution plus LSTM architecture and
evaluates it at multiple prediction horizons instead of reporting only a single average score.

Multimodal Fusion in Intelligent Transportation

Multimodal traffic prediction extends the input space to include detectors and flows, and studies why the same
historical flow values result in different future states. Weather affects road capacity and driver behaviour,
especially in poor weather conditions such as heavy rain and low visibility, and calendar indicators change
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demand for workdays, weekends, and holidays [21]. Speed and occupancy offer different supporting evidence
for density and shockwave generation, so they are not to be viewed as mere repetitions of flow [22]. External
demand indicators, such as nearby transit arrivals or regional activity levels, can be used to enhance prediction
when they align with road observations and are normalised consistently [23]. The main risk is that the model
learns spurious correlations from high-dimensional external features, especially when the training period is short
or the external signal is only weakly associated with the target road segment [24]. Therefore, adaptive fusion
has been proposed to increase the weight of relevant modalities under abnormal circumstances and suppress
noisy channels in a stable state [25].

The above studies have not addressed three problems. First, most studies still focus on either temporal
modelling or spatial modelling as their main contributions, and the intersection of graph convolution and LSTM
recurrence has been explored relatively little. Second, although multimodal features are often added as a larger
input vector, their respective contributions under different traffic conditions have not been analysed. Third,
most experimental reports only present the overall accuracy and do not provide specific examples of horizon-
dependent errors, congestion sensitivity and computational cost. Based on the above deficiencies, the present
study proposes a compact multimodal LSTM-GCN model and presents the results in terms of accuracy,
robustness, ablation and deployment.

Proposed Multimodal LSTM-GCN Prediction Model

Problem Definition and Overall Framework

The model will predict the future traffic flow of a sensor network that can be represented as an undirected
weighted graph. Each node is a detector station or a road section, and each edge is either a direct road
connection or a close historical association. The input at time step t is traffic flow, mean speed, occupancy,
precipitation, temperature, day type, time-of-day encoding and a local demand index. The above variables are
aligned at a 5-minute frequency, cleaned using median-based outlier filtering, and standardised by the training
set. The whole structure is shown in Figure 1, and all components of data alignment, hybrid graph construction,
graph convolution, LSTM recurrence, gated multimodal fusion, and multi-horizon output are arranged in a single

pipeline.
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Figure 1. Proposed multimodal LSTM-GCN traffic flow prediction pipeline.

Not all modalities are assumed to have the same degree of temporal reliability by the model. Detector flow and
occupancy are available every five minutes, but weather variables change slowly and calendar variables remain
constant for a longer time. To prevent the slow context from being overwhelmed by fast traffic fluctuations, all
modalities are encoded at the same time but are later regulated by the fusion gate. The Structure has a relatively
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simple feature pipeline for deployment, but it may be less effective at learning time-varying relationships among
different features.

For a network with N nodes, the recent observations are organized as a graph-indexed historical window rather
than as isolated sensor sequences.

Xerire = Keorir, Xeoraas o X3, X € RV Eq.(1)
This notation keeps all traffic, weather, calendar, and demand variables aligned in one tensor, so the later spatial
and temporal modules read the same synchronized evidence.

T
Yern = [Viesn Yaeens o Y een) Eq.(2)

The target vector collects the future flow values of all road nodes at horizon h. In practice, the model produces

several such vectors for the 15-, 30-, 45-, and 60-minute horizons.

Hybrid Graph Convolution and Temporal Memory

A hybrid adjacency matrix combines the physical road network and empirical flow similarity. Physical adjacency
is assigned if two road segments are connected by a directed movement or belong to the same signalised
junction group. Similarity adjacency is determined based on the flow profiles of the training set, and thus, roads
with similar recurrent patterns can communicate indirectly.

A= aA™® + (1 — a)As™ Eq.(3)
The coefficient a keeps the physical road graph as the main structural guide while still allowing data-driven
similarity to add functional links between related corridors.

2
_||qi—qj||2

; ex , corr(i,j)=1
agm = | oXP 72 y))

Eq.(4)

0, corr(i,j) <t
Only sufficiently correlated node pairs are retained as similarity edges. This thresholded design avoids turning
the graph into a dense correlation table and reduces the chance of propagating irrelevant traffic states.

A=D"12(A+1)D1/? Eq.(5)
After self-loops are added, symmetric normalization controls the magnitude of neighborhood aggregation and
makes nodes with different degrees comparable.

Z, = o(AX.W, + b,) Eq.(6)
The resulting representation Z; is a spatially informed traffic state. It already reflects local measurements and
neighboring-road influence before temporal recurrence is applied.

The graph output is then passed to an LSTM encoder. This is useful because queue spillback and recovery often
persist for several intervals, and the effect of an upstream state may appear with a delay.

it = O-(Wth + Ul:Hf—l + bl.) Eq.(7)
The input gate decides how much newly observed graph information should enter the memory at the current
time step.

fe =o(WZ, + UsH,_ + bf) Eq.(8)
The forget gate removes stale information when traffic changes quickly, but it can preserve previous memory
when congestion continues across consecutive intervals.

C~f = tal’lh(VVCZt + UCHf—l + bC) Eq.(g)
The candidate memory summarizes the new spatial-temporal evidence before it is blended with retained history.
CG=f0OC,1+i: O ét Eq.(10)

The cell update is the point where persistent traffic memory and new graph evidence meet. This helps the model
follow delayed queue growth and gradual dissipation.

0y =0(W,Z + UgH;_1 + b,) Eq.(11)
The output gate determines how much of the internal cell state should be exposed to the prediction layers.
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H; = 0o; ©® tanh(C;) Eq.(12)
The hidden state H, is therefore both spatially aware and temporally filtered, which makes it suitable for
downstream multimodal fusion.

Multimodal Fusion, Training Strategy, and Prediction Output

Multimodal fusion is carried out after forming the graph-recurrent representation. When the weather or
calendar provides relevant information, the gate will allow more external data to enter the decoder; under a
stable recurrent mode of the network, however, the model will give greater weight to traffic-state memory.
Figure 2 is the internal prediction module, and it includes graph aggregation, LSTM gates, multimodal regulation,
and horizon-specific output heads.
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Figure 2. Internal prediction block of the proposed LSTM-GCN model.
Gy = o(Wn[H,||E] + brn) Eq.(13)
The gate G, compares learned traffic memory with external context and assigns their relative contribution
adaptively.

Yern = Wi (G © Hy + (1 = G) O EY) + by Eq.(14)
A Gated Mixture is used to forecast the traffic based on graph-recurrent traffic memory and transformed
external information. Different Horizons are based on different evidence, and near-horizon horizons give more
weight to the current traffic situation; longer-horizon horizons are more likely to be influenced by calendar and
demand context.

A sliding-window mini-batch sampling is used for training the model. The length of the history window is set to
12-time steps; this is equivalent to one hour of observation and is long enough to observe queue formation but
short enough to be operationally feasible. Dropout is added after graph convolution and before the output heads.
Adam optimizer is used in combination with early stopping for validation MAE.

1 .
=7, D Woeen=TVoeenl + 21013 Ea.(15)
A

L
The loss is the sum of multi-horizon absolute prediction errors and an L2 norm. Therefore, a lower sensitivity is
used to avoid overfitting to rare extreme spikes and thus prevent memorising local sensor peculiarities.

Four horizons are generated simultaneously by the output layer. Thus, this direct multi-horizon strategy does
not feed a predicted value back into the model as if it were observed data. It can also learn horizon-specific
mappings for the network; the 15-minute output is more dependent on current flow and speed, and the 60-
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minute output benefits more from calendar and demand context. Inference consumes the most recent aligned
window of the model and outputs a flow vector for each horizon.

The training samples are not randomly shuffled across time before the chronological split. The choice is
necessary because traffic data are highly autocorrelated; otherwise, if the model is allowed to "leak" into the
training set from the future, it will appear more accurate than it actually is in real operation. Only shuffle mini-
batches in the training interval after splitting. A 30-minute MAE will be used for validation; it is long enough to
conduct actual applications of traffic control but short enough to show near-term operational problems.

Experimental Data and Performance Analysis

Dataset, Feature Construction, and Baselines

The experimental dataset is constructed from an urban expressway and arterial network containing 214 traffic
sensor nodes. The observation period covers 62 consecutive days, with five-minute aggregation, producing
17,856-time steps before cleaning. After removing sensor dropouts longer than 30 minutes and imputing shorter
gaps by local temporal interpolation, 17,421 valid time steps remain. The final sample is divided chronologically
into 70% training, 10% validation, and 20% testing to prevent leakage from future observations. The average
network flow is 684 vehicles per five minutes, the weekday peak mean is 912 vehicles, and the off-peak mean is
431 vehicles. Rain occurs in 9.7% of intervals, heavy rain accounts for 2.1%, and low-visibility intervals account
for 3.4%. These values are consistent with the variability reported in recent intelligent transportation
experiments [26].

The multimodal input contains six traffic and context groups: flow, speed, occupancy, weather, calendar, and
local demand index. Figure 3(a) compares weekday and weekend flow distributions. The weekday median is 673
vehicles per five minutes, with an interquartile interval from 571 to 781 vehicles, while the weekend median is
532 vehicles and the interquartile interval is 448 to 638 vehicles. This gap explains why a single seasonal average
is not sufficient for the prediction task; the same road segment operates under clearly different demand levels
across day types.

Weather-related speed variation is summarized in Figure 3(b). Four weather states are included so that the data
quantity is not limited to a binary dry-rain comparison. Dry intervals have an average speed of 61.8 km/h, light-
rail intervals decrease to 56.3 km/h, heavy-rain intervals fall to 49.6 km/h, and low-visibility intervals reach 52.1
km/h. The 12.2 km/h difference between dry and heavy-rain conditions indicates that weather must be treated
as a capacity-related modality rather than as a minor external label.

Figure 3(c) shows the occupancy-flow relation using 130 sampled operating points. Flow rises approximately
with occupancy before the critical region, but the scatter becomes nonlinear once occupancy exceeds 78%.
Below this threshold, many points remain between 650 and 1,050 vehicles per five minutes; above it, the
dispersion widens and some intervals approach 1,400 vehicles while others fall below 900 vehicles. This
nonlinear pattern supports the use of a recurrent graph model because congestion transition cannot be
described by a fixed linear coefficient.

The temporal demand curves in Figure 3(d) include four daily profiles: weekday, weekend, rainy weekday, and
holiday. The weekday curve has a morning peak near 1.26 and an evening peak near 1.28, while the weekend
curve rises later and stays below 1.10 for most intervals. The rainy-weekday curve suppresses the morning
demand but retains a late-afternoon shoulder, and the holiday curve has a flatter midday peak around 0.91.
These four curves justify the calendar and weather channels in the multimodal feature tensor.
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Figure 3. Multimodal traffic dataset profile: (a) weekday and weekend flow distribution; (b) weather-dependent speed distribution; (c)
occupancy-flow nonlinear relationship; (d) local demand index by time period.

The baselines include historical average, ARIMA, support vector regression, single-node LSTM, graph convolution
without recurrence, temporal convolution with graph propagation, and a spatiotemporal graph convolutional
network. All neural baselines use the same chronological training, validation, and testing split. The evaluation
metrics are mean absolute error, root mean square error, and mean absolute percentage error. The reported
values are averaged over all nodes and test intervals, and each model is tuned on the validation set before one
final test evaluation [27].

Data quality is examined before model training because a multimodal architecture can amplify synchronization
errors. Among all detector records, 3.4% of five-minute intervals contain missing flow values, 2.8% contain
missing speed values, and 1.9% contain missing occupancy values. Short gaps are interpolated only when both
neighboring observations are available and the local trend is physically plausible. Long gaps are excluded from
supervised windows so that the model never receives a fabricated sequence as if it were real traffic. The hybrid
graph contains 214 self-loops, 612 physical road-connectivity edges, and 438 similarity edges after thresholding;
the average node degree is 5.87, and the largest connected component contains all sensor nodes.

Prediction Accuracy and Ablation Analysis

The proposed LSTM-GCN achieves the best overall accuracy at every prediction horizon. Figure 4(a) gives the
multi-horizon MAE curves for four models, so the line chart contains enough comparative data rather than a
single prediction trace. The proposed model increases from 18.6 vehicles at 15 minutes to 23.8, 29.4, and 35.7
vehicles at 30, 45, and 60 minutes. STGCN increases from 21.1 to 40.9 vehicles, LSTM from 25.7 to 46.2 vehicles,
and SVR from 30.8 to 51.7 vehicles. The proposed curve remains lowest across all horizons, and the 45-minute
MAE is 14.0% lower than STGCN and 26.1% lower than LSTM.

The 30-minute RMSE comparison in Figure 4(b) covers five models. The proposed model records 39.6 vehicles,
followed by STGCN at 45.3, LSTM at 51.8, SVR at 57.6, and ARIMA at 64.1 vehicles. This ranking is important
because RMSE penalizes large errors more strongly than MAE; the lower RMSE of the proposed model indicates
that it reduces not only average deviation but also high-amplitude forecasting failures during unstable traffic
intervals [28].

Figure 4(c) reports normalized scores for MAE, RMSE, MAPE, stability, and latency. The proposed model reaches
0.92,0.90, 0.91, 0.88, and 0.84 on the five axes, whereas STGCN remains at 0.78, 0.77, 0.79, 0.72, and 0.80. The
gap is largest on the stability axis, showing that the LSTM memory improves prediction consistency when the
graph convolution receives rapidly changing inputs. Figure 4(d) further shows the node-level error distribution:
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the proposed model has a median absolute error of 19.4 vehicles and an upper quartile of 31.7 vehicles, while
STGCN has a median of 24.9 and LSTM has a median of 31.6 vehicles. This distribution matters because
deployment risk is caused by persistent high-error nodes, not only by the mean score [29].
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Figure 4. Prediction accuracy comparison: (a) MAE over prediction horizons; (b) 30-minute RMSE by model; (c) normalized metric radar
comparison; (d) node-level absolute-error distribution.

Ablation experiments clarify which components contribute to the improvement. Figure 5(a) presents five
ablation states. Starting from the full-model 30-minute MAE of 23.8 vehicles, removing graph convolution
increases error by 7.7 vehicles, removing the multimodal gate adds 4.3 vehicles, removing weather-calendar
context adds 3.1 vehicles, and replacing the hybrid graph with road-only adjacency adds 2.9 vehicles. The graph
component therefore has the strongest influence, but the external modalities and fusion gate also contribute
measurable gains [30].

Figure 5(b) shows four modality contribution curves over 24 hours: traffic state, graph context, weather, and
calendar. Traffic-state contribution reaches about 0.57 during the morning peak, graph contribution rises toward
0.30in the evening propagation period, weather contribution increases from approximately 0.08 in dry intervals
to 0.21 under disturbed conditions, and calendar contribution fills the remaining profile. The stacked area
pattern demonstrates that the model does not use external variables uniformly; it increases context weight
when the traffic state alone becomes ambiguous.

Weather-regime error in Figure 5(c) is reported for four regimes rather than three. The proposed model has
median MAE values of 22.5 vehicles in normal weather, 27.4 in light rain, 31.6 in heavy rain, and 34.2 in low-
visibility conditions. Compared with the normal regime, low visibility adds 11.7 vehicles of median error. This is
still substantially controlled relative to the LSTM baseline observed during heavy rain, where the median exceeds
45 vehicles. The result supports the view that multimodal fusion is most valuable when road capacity is disturbed
[31].
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Figure 5. Ablation and multimodal contribution analysis: (a) error increase after component removal; (b) modality contribution by time of
day; (c) model error under weather regimes.

A congestion regime is also a type of model. According to the occupancy and speed limit, the test interval will
be classified as free-flow, transitional or congested. In free flow, the proposed model had a 15.2 MAE and was
only 2.1 vehicles lower than STGCN because the traffic dynamics were stable and easy to extrapolate. The model
shows a smaller MAE of 25.9 in the transitional stage compared with 31.8 for STGCN and 37.2 for LSTM. Under
congested conditions, the model proposed here has a relatively small MAE of 38.4; otherwise, STGCN is 47.9
and LSTM is 54.6. The largest relative gain occurs in transitional and congested regimes, and upstream pressure
and delayed spillback dominate the local sensor readings [32].

Spatial Robustness and Computational Efficiency

Spatial analysis reveals where the model performs well and where error remains difficult to remove. Figure 6(a)
maps node-level MAE across the sensor grid. In the central corridor, 73% of nodes remain below 25 vehicles
MAE, while 18 peripheral nodes exceed 38 vehicles. The heat map also shows a small high-error area near the
lower-right peripheral region, suggesting that sparse neighboring sensors reduce the benefit of graph
aggregation. This spatial evidence is more useful than a single network-wide average because it identifies where
sensor maintenance or graph refinement should be prioritized.

Figure 6(b) presents a four-corridor interaction matrix. The C1-C2 interaction reaches 0.74, C3-C4 reaches 0.69,
C2-C3 reaches 0.51, and the weakest relationship is C1-C4 at 0.29. These values show that corridor propagation
is not uniform. Strongly coupled corridor pairs should exchange graph messages more actively, while weakly
coupled corridors should not dominate each other's hidden states. Figure 6(c) supports this interpretation from
the node perspective: 150 sampled nodes show a positive relationship between graph degree and MAE
reduction, and nodes with degree five or higher achieve an average 19.6% MAE reduction over the single-node
LSTM.

The four lines in the road-class comparison of Figure 6(d) are: central, arterial, peripheral and bottleneck nodes.
The central node decreased from 36.8 MAE with LSTM to 23.4 in the proposed model; arterial nodes fell from
39.5 to 27.8; peripheral nodes dropped from 42.5 to 34.7; and bottleneck nodes reduced from 48.2 to 31.5.
Bottleneck reduction is the highest in absolute terms, at 16.7 vehicles, because graph convolution can observe
the upstream queue formation before the local detector reaches a critical occupancy level [33].
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Figure 6. Spatial robustness analysis: (a) node-level spatial error heat map; (b) corridor interaction matrix; (c) node degree versus MAE
reduction; (d) road-class error comparison.

Computational performance is analyzed from both latency and training behavior. Figure 7(a) reports three
inference-latency curves for batch sizes 1, 4, and 8 across 50, 100, 214, and 400 nodes. For batch size 1, latency
is6.8,12.5, 21.7, and 41.9 ms. For batch size 4, it rises t0 9.5, 17.9, 29.8, and 55.2 ms. For batch size 8, it reaches
13.8, 24.7, 41.4, and 76.5 ms. Even the 400-node batch-8 setting is far below the five-minute data aggregation
interval, so practical delay is dominated by data ingestion rather than model inference [34].

Training convergence in Figure 7(b) includes both training and validation MAE curves. Validation MAE decreases
from about 41.2 vehicles at the first epoch to 24.1 near epoch 46, and early stopping is triggered after epoch 54.
The small gap between the training and validation curves after epoch 30 indicates that dropout and L2
regularization prevent the model from simply memorizing local sensor patterns. The figure also marks the best
validation region, making the training behavior interpretable rather than only reporting the final score.

Figure 7(c) compares five model footprints. SVR is smallest with 0.18 million parameters and 96 MB memory,
GCN has 0.74 million parameters and 172 MB, LSTM has 0.86 million parameters and 188 MB, the proposed
model has 1.42 million parameters and 312 MB, and STGCN has 1.68 million parameters and 356 MB. The
proposed model is therefore larger than the simpler baselines but smaller than STGCN while producing better
accuracy. Figure 7(d) evaluates calibration over six observed-flow quantiles: 315, 420, 590, 735, 910, and 1120
vehicles. The predicted quantiles are 322, 416, 584, 728, 894, and 1068 vehicles, respectively. The model remains
close to the diagonal from the 10th to 80th percentiles but underpredicts the 95th percentile by 4.6%, showing
that extreme surges remain the hardest condition [35].
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Figure 7. Deployment-oriented efficiency and calibration: (a) inference latency by node count and batch size; (b) training and validation
convergence; (c) parameter count and memory use; (d) predicted-observed quantile calibration.

Several additional checks are performed to evaluate robustness. With 30%, 50%, and 70% of the original training
period, 30-minute MAE decreases from 29.7 to 26.1 and then to 23.8 vehicles. When 5%, 10%, and 20% of input
observations are randomly masked, the corresponding MAE values are 24.6, 26.2, and 29.4 vehicles. Weekday
MAE is 23.5 vehicles, while weekend MAE is 25.1 vehicles, mainly because weekend demand peaks are less
regular. These robustness tests indicate that the model is not tuned only to an ideal clean-data condition [36].

Conclusion

A multimodal traffic flow prediction model integrating long short-term memory and graph convolutional
networks was proposed in this paper to address the problems of complex spatio-temporal correlations and
external influences in urban traffic systems. Combine all sources of traffic, weather and demand data to create
a standardised feature representation, use a combined graph construction method, and thus achieve good
results in integrating explicit network topology with recurrent temporal learning for more accurate and stable
forecasts. The module is an end-to-end multi-horizon predictor with dynamic modal weighting, and is thus more
robust and interpretable for intelligent transportation systems.

Although the model has surpassed the performance of the traditional statistical and deep-learning baselines, it
is not perfect. The feature fusion pipeline is reasonable; however, it may not be able to identify changing
connections among different kinds of data in special or unusual cases. The construction of the hybrid graph is
based on fixed criteria for similarity and adjacency; thus, it may be too rigid or fail to respond quickly to changes
in traffic. The current design focuses on modular integration rather than lightweight deployment, and therefore
may be difficult to scale horizontally in a large network or under hardware constraints.

The future work will focus on improving the adaptability and efficiency further. Possible Directions include
designing dynamic or adaptive graph structures that change according to the conditions of real-time sensor
stream data; strengthening multimodal fusion mechanisms to handle noise and non-stationarity in the data
more effectively; and exploring lightweight model compression techniques for deployment in resource-
constrained environments. New data sources can be added to extend the framework, such as connected vehicle
telematics, social activity indicators, accident reports, etc., and an all-encompassing and highly reliable traffic
prediction system will be built.
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