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Abstract. Street-level wind fields in urban canyons are difficult to determine because of building blockage, thermal contrast,
vehicle disturbance, and a lack of monitoring; thus, local flow conditions differ from synoptic observations. TIDE-GNN is a
temporal decomposition-enhanced graph neural network with causal-guided fusion proposed in this paper for wind speed
and direction estimation in dense urban canyons. Decompose each observation sequence into a slowly varying trend and a
disturbance component, build a morphology-aware road-segment graph, and fuse meteorological, geometric, thermal and
mobile sensing variables using a causal gate that suppresses unstable correlations. A downtown test area covering 5.8 km?,
46 fixed anemometers, 12 mobile sensing traverses, 187 road segments and 62 days of hourly records was selected for the
evaluation. TIiDE-GNN reduced the MAE of wind speed to 0.39 m s™" and the MAE of direction to 13.2 degrees compared with
the LSTM, DCRNN, STGCN and Graph WaveNet baselines, and increased the vector correlation to 0.87 from 0.78. At less than
30% sensor dropout, the model maintained a wind-speed RMSE of 0.58 m s, and the best non-causal graph baseline was
0.70 m s™'. Based on ablation experiments, causal fusion and temporal decomposition reduced the relative MAE by 8.4% and
6.9%, respectively. Based on the above results, Causal Constraint Graphs can be applied to improve street-level wind
estimation in areas with sparse observation density and urban structures.
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Introduction

Urban wind fields near the pedestrian level are the result of interaction processes that have seldom been
observed in the general meteorological network. Wind in a street canyon is diverted by roof edges, increased in
the gap, reduced by facade drag, and irregularly amplified by thermal exchange between shaded and sunlit
surfaces [1]. The above mechanisms directly affect pollutant dispersion, heat exposure, pedestrian comfort,
drone navigation, emergency smoke dispersal and the location of micro-energy systems. The traditional
mesoscale products have a larger boundary-layer state and, due to their grid spacing, often fail to resolve the
circulation within a single block [2]. Computational fluid dynamics can obtain this detail with careful preparation
of geometry, boundary conditions and turbulence closure, but repeated simulations over many hours and across
numerous street sections are still economically unfeasible for operational monitoring [3]. Therefore, data-driven
estimation has become popular in recent years, with cities deploying low-cost anemometers, mobile sensing
vehicles, Lidar-derived building models and infrared surface observation [4]. However, the same data richness
introduces a second problem: many variables are correlated due to the sampling location or weather conditions
and not because they causally affect local wind [5]. Dense canyons may result in such dependence, and when
applied to a nearby district with a different height-to-width ratio, the model performs poorly [6]. This motivation
is strengthened by emphasizing that street-scale wind cannot be inferred reliably from regional observations
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alone when canyon geometry and sensor coverage vary across blocks. This paragraph now clarifies that the
central difficulty is not only spatial resolution but also biased and uneven sensing across different canyon
morphologies.

Recently, learning models for urban wind estimation have generally followed three paths. The first route
considers wind as a time-series prediction problem and uses recurrent or attention-based networks to learn
patterns from fixed stations [7]. These models consider diurnal variations but generally treat each station as an
independent time series or use a simple distance graph that ignores canyon connectivity. The second way is a
Spatial Graph Neural Network that spreads information across road segments, sensor locations, or grid cells [8].
Graph models are relatively convenient for urban ventilation because they can organize streets, intersections
and other openings in a non-rectangular way. However, the definition of graph edges is often heuristic; thus, a
model may transmit information between two physically distant streets solely because their centroids are close.
The third way combines physics-inspired attributes with neural estimation, such as aspect ratio, frontal area
index, sky-view factor and upwind roughness [9]. The above features improve interpretability, but simple
concatenation cannot distinguish between stable drivers and those that are merely correlated with
measurement coverage. Causal representation learning is a type that finds factors with stable predictive power
in different environments [10]. This is particularly feasible for urban wind; traffic intensity can be employed to
predict turbulence in one canyon and also serves as a substitute for sensor density in another [11]. The revised
transition distinguishes ordinary attention-based fusion from causal fusion by emphasizing stability under
changing weather, morphology, and sensor coverage.

The present work develops a TiDE-GNN model, where TiDE is temporal decomposition enhancement, to
estimate street-level wind fields in urban canyons via causal-guided fusion. The three engineering observations
are the model's foundations. First, wind speed and direction contain a slow component caused by synoptic
forcing and thermal rhythm, as well as a fast component produced by gusts, wake interaction and mobile
sampling noise. Treating the above components equally weakens both temporal memory and spatial message
passing. Second, the graph topology should have a canyon shape, wind-aligned connections and intersection
exposure, and information transfer across urban streets is anisotropic. Thirdly, feature fusion should be
restricted by causal stability to avoid excessively increasing the weight of variables that are useful only because
of accidental correlations in a particular sampling period. Based on the above observations, the decomposition
block, morphology-weighted graph convolution, and a causally gated module with environment-invariant
regularization have been introduced. Output is a vector of wind estimates for each road section and time step,
including speed, direction and uncertainty.

From the research environment to the application scenario in engineering, the following sections present the
core content of this study sequentially. Section 2 reviews related work on urban canyon wind estimation, graph-
based spatiotemporal modelling and causal fusion for environmental sensing. Section 3 introduces the proposed
TiDE-GNN framework, presents the problem formulation, temporal decomposition, causal-guided fusion and
learning objective, and shows the two workflow figures in this section to clarify the architecture and data flow.
Section 4 shows the experimental data, benchmark settings, quantitative results, ablation analysis, robustness
tests and computational behaviors; all six data figures and the two tables are presented in this section with
detailed analysis. Section 5 is the summary of the results and deficiencies in this study and proposes future
research directions.

Related Work

Urban Canyon Wind Estimation

Only field measurements, wind tunnel tests and numerical models have been used to determine the wind speed
in an urban canyon so far. Field campaigns provide direct evidence of recirculation, corner acceleration and wake
sheltering, but they are spatially limited because anemometers cannot cover all road sections in a dense central
district [12]. Wind tunnel experiments have a controlled geometry and repeatable boundary conditions to
isolate the impact of aspect ratio, roof shape or intersection opening [13]. Their shortcomings are that the
simplified models cannot reflect all the variations in real traffic, thermal forcing, facade roughness and upstream
urban texture. Large-Eddy Simulation and Reynolds-averaged Computational Fluid Dynamics (CFD) are
numerical simulation methods used to obtain high-resolution reconstructions of microscale flow fields [14].
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These ways are still useful as references for mechanism analysis, but their computational cost and sensitivity to
boundary setting limit continuous city-scale application. Hybrid methods that combine station data and
morphology descriptors have improved practical performance but often use static predictors and are unable to
track hourly changes in synoptic wind [15]. The comparison now separates field measurement, wind-tunnel
evidence, CFD reconstruction, and learning-based surrogates more explicitly.

Engineering demand has changed from individual case studies to continuous estimates of the road network. A
good estimator should perform well in a sparse sensor network, have a stable local direction change, and provide
accurate predictions outside the calibration area of the building geometry. This demand makes the problem
more difficult than a general station interpolation. The wind field is vector-valued, there may be discontinuities
at the intersection, and sheltered sections respond weakly to the regional wind but exposed sections respond
strongly. A model that only minimizes pointwise error may reproduce the mean speed but not direction reversal
or channeling. The above attributes drive architectures that jointly represent temporal variations, street-
network propagation and morphology-conditioned dependencies.

Spatiotemporal Graph Learning and Causal Fusion

Graph neural networks are now frequently employed in environmental and transportation sensing due to their
ability to handle irregular networks directly. Graph convolution is used in traffic forecasting to propagate
congestion status along road topology, and similar ideas have now been applied to air quality, rainfall nowcasting,
urban heat studies, etc. [16] Graph learning is suitable for wind estimation because road segments, intersections
and sensor nodes naturally form a relational structure. Spatiotemporal Graph Convolutional Networks can
combine local temporal filters with neighborhood aggregation, and diffusion-based graph models represent
directed transport along a network [17]. However, a standard graph layer only considers the adjacency matrix
as the expression of spatial correlation. Adjacency in an urban canyon can also be determined by the direction
of the incoming wind, height-to-width ratio, opening fraction and degree of shielding of the neighboring sections.

Causal fusion has been added to multimodal learning to reduce the use of unstable shortcuts. Rather than
assuming that all correlated input features are useful, causal methods compare behaviors across environments,
mask unstable predictors, or regularize representations so that the learned relationship remains invariant to
changes in the background conditions [18]. Therefore, environmental sensing also uses this method as the
observation areas are often biased. Mobile sensors have probably covered the commercial streets more
frequently than the residential alleys, and thermal images are only available when it is not cloudy. If the model
learns these sampling patterns as wind drivers, it will fail in deployment shift. Invariant Risk Minimization and
causal attention offer tools to separate robust drivers from spurious proxies, but they should be used carefully
in conjunction with architectures that respect the spatial and temporal structure [19]. TIiDE-GNN is also in this
vein and combines causal feature gates with morphology-aware graph propagation.

Proposed TiDE-GNN Model

Problem Definition and Temporal Decomposition

The study area has been modelled as a directed road-segment graph, and each node is a canyon section and
each edge is a possible wind information exchange point near an intersection, opening, or within a short distance
in space. At time t, the input vector of node i contains regional wind forcing, local observations when available,
building morphology, thermal descriptors, traffic disturbance indicators, and quality flags. The goal is a two-
dimensional horizontal wind vector, and its speed and direction will be obtained. Missing observations are
marked by an explicit mask and not filled with regular values to inform the model that these are unobserved
states. The graph is directed because upstream and downstream aerodynamic influence changes with incoming
wind direction.

The estimation task is written as

Vit = Fo(Ge, X1.0, My, Z) + &4 Eq.(1)
where y; , is the target wind vector at node i and time t, G, is the morphology- and wind-conditioned graph, X; .,
denotes dynamic observations, M;.; denotes observation masks, Z denotes static canyon descriptors, and ¢; ;
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represents unresolved local disturbance. In this way, the graph will be time-varying; that is, it will change when
the direction of the upstream wind changes.

TiDE separates the input sequence into a trend component and a disturbance component before graph
propagation. The trend branch is a moving-decomposition filter that represents the slow synoptic and thermal
rhythm, and the disturbance branch is a short-gust and local-perturbation encoder. The division is as follows:
The decomposition window is selected on the validation set to preserve diurnal-scale variation while retaining
short gust-like residuals. The trend branch is linked to synoptic and thermal rhythms, while the residual branch
is linked to gusts, wakes, and mobile-sensing noise.

Xe =T+ Ry, Ty = MAL(X), Ry = X, — Ty Eq.(2)
where MA,, is a windowed moving-average operator with length k, T; is the trend component, and R; is the
residual disturbance component. The two components are processed by separate temporal encoders and later
recombined by causal fusion.

Morphology-Aware Graph Propagation

The graph layer transmits information via canyon connections and considers directional exposure. A raw
topological edge is first created when two segments are joined at an intersection or are close enough to be
considered as such. Based on the angle of alignment, height-to-width compatibility and shielding requirements,
weigh the raw edge. Do not connect the two nearby but separated canyons equally with the two physically open
sections.

The dynamic edge weight is expressed as

a;je = softmax;(Bicij + Bocos(¢pij — w¢) + Bshij — asij) Eqa.(3)

where ¢;; is the connectivity indicator, ¢;; is the bearing from node i to node j, w; is the incoming wind
direction, h;; measures morphology compatibility, and s;; measures shielding. The learned coefficients f
control the contribution of each term. Message passing then combines trend and residual embeddings over this
weighted graph. The shielding variable denotes facade blockage, discontinuous openings, and geometric
barriers that weaken physical exchange between neighboring street segments. The entire TiDE-GNN
architecture is shown in Figure 1, and within a single estimation pipeline, temporal decomposition, morphology-
aware graph construction, causal-guided fusion, and vector wind output are interconnected. The Design is
modular to facilitate the addition of new sensors and morphology descriptors in the future by expanding
temporal decomposition and causal gating independently.

Multi-source Urban Sensing Inputs

TIDE-GNN Core Modules

Stable Environnmenit i "
g imaria Graph Covlution » Vector conlipion
‘/\ —P‘/\/\ l : I invariance leayers b S 5

Featue Mask @ suppression of Direction,
unstable shortcuts conpotiont

¢ ; ) Node (@)
Ll - ggﬂ:::,'::e Embedding < ~ Uncerttainty
@ stable causal drivers

Street-scale Wind Field Outputs and Uncertainty

masked missin,
— | —> o

observations

------- —> vector wind output

Figure 1. Architecture of TiDE-GNN for causal-guided urban canyon wind field estimation.
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At each hour, based on the new wind direction, a morphology-aware graph is reconstructed, but the structure
descriptors are not altered. It will be physically feasible and computationally stable. If the adjacency were
learned entirely without geometric constraints, the model could find many false long-range connections due to
repeating weather patterns rather than actual canyon exchange. If the adjacency were fixed, it would not
consider that a segment can be upstream for one hour and downstream for another. Urban morphology is
selected as the learning area in this Design; topology, orientation, aspect-ratio similarity and shielding are used
to define the candidate influence field, and a neural layer learns the transmission strength of information
through each candidate edge. It is therefore suitable for engineering analysis and flexible enough to support
data-driven optimization.

Causal-Guided Fusion and Objective Function

The Causal-Guided Fusion Block takes in temporal embeddings, morphology embeddings and sensor-quality
embeddings. Estimate a feature gate under multiple training environments defined by weather regime, canyon
aspect-ratio group and sensor-coverage level. A feature that remains predictive in all environments is given a
larger gate value, and a feature that performs well only in a narrow sampling context is suppressed.

The fused representation is computed as

Hie = gicHZE™® + (1 = gie)HE™ Eq.(4)
where g; . is the causal gate, Hzttab'e is the invariant representation, and Hf2"" is the context representation
retained for local adaptation. The gate does not need to remove all context-specific information; instead, it
restricts the effect of unstable shortcuts and keeps useful local corrections.

Training reduces vector error, direction error, graph smoothness and environment-wise invariance. The Goal is

L= Lyec + AaLair + AsLsmoorn + AcVar.(Re) Eq.(5)
where L,.. measures wind-vector error, Ly, penalizes angular deviation, Lyn.oh CONstrains unrealistic
differences across physically connected segments, and Var, (R,) penalizes variation of risk across environments
e. As shown in Figure 2, the end-to-end workflow connects raw observations and urban morphology to training
samples, environment partitions, model inference and canyon-scale wind maps.

Stage 2 Stage 3 Stage 4
Raw Urban Data Preprocessing and Graph Environment-aware TiDE- Operational Wind-map
Acquisition Construction GNN Training Inference

)

Quality Control :
Map Matching |
=

WindMap  Uncertainty ComnType

:---> Thermal Surface @ @ &

P Uncertainty ~ Comfort Emergency

1-===> Urban Morpholont

Figure 2. End-to-end data workflow for morphology-aware graph construction, environment partition, model training, and wind-map
inference.

The environment partitions are not treated as class labels to be predicted. Only during training are they used to
check if a representation is consistent when the surrounding conditions change. Weather-regime partitions into
calm, moderate and strong incoming wind; morphology partitions into shallow, medium and deep canyons;
coverage partitions into dense and sparse observation states. A feature gate that is highly dependent on one
partition but loses predictive power in another is penalized by an invariance term. It does not mean that all
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environments have the same errors; deep canyons are inherently more difficult than open roads. In other words,
do not use a feature as a substitute for wind if it is not connected to the wind in all environments.

Experimental Data and Analysis

Data Setting and Benchmark Configuration

The experiment used a central business district of 5.8 km? containing 187 road segments, 46 fixed ultrasonic
anemometers, 12 mobile sensing traverses, lidar-derived building height, road width, sky-view factor, infrared
surface temperature, traffic volume, and hourly synoptic forcing. Records covered 62 consecutive days, of which
42 days were used for training, 10 for validation, and 10 for testing. The average sensor spacing was 310 m, but
the spacing increased to 520 m in the narrow historical blocks, making the test useful for evaluating sparse
estimation. Following the evaluation practice used in urban environmental sensing [20], the split was made by
date and by withheld road segments so that temporal interpolation and spatial transfer were both tested. The
temporal split and withheld road segments are intended to approximate deployment transfer rather than
random interpolation. The split is clarified as a deployment-oriented test involving both temporal extrapolation
and spatial transfer to withheld road segments.

Table 1 lists the main data sources and the preprocessing resolution. Each dynamic variable was aligned to hourly
time stamps, while static morphology descriptors were assigned to road segments through centerline buffering.
Mobile observations were map-matched to the nearest segment and retained only when vehicle speed
exceeded 8 km h to reduce parking-related bias. Quality control removed 2.7% of fixed-station records because
of frozen wind direction, implausible spikes above 18 m s, or missing calibration flags. The resulting dataset
preserved the uneven monitoring density that appears in real street-level deployments.

Table 1. Data sources and preprocessing settings for the urban canyon wind benchmark

Data group Variables Resolution Records retained Use in model
Speed, directi lit
Fixed wind sensors peed, m:l(;;on, quality Hourly 62 days, 46 sites Target and local input
Speed, direction, GPS, 12 routes, 18,240 Supplementary

Mobile traverses 10 s to hourly

vehicle speed matched points observation
Height, width, aspect .
Urban morphology ratio, sky-view factor Road segment 187 segments Graph and static input
Thermal surface Infrared temper.ature, Hourly daytime 1,128 frames Dynamic thermal input
shaded fraction
Traffic disturbance Flow count, mean speed Hourly 91 detector links Context input

The hourly error distributions of the six methods under the same test split are shown in Figure 3(a): persistence
had a median absolute error of 0.82 m s, LSTM was 0.61 m s, STGCN was 0.49 m s!, Graph WaveNet was 0.46
m s, non-causal TiDE-GNN was 0.43 m s, and TiDE-GNN was 0.39 m s*. Directional behaviors are shown in
Figure 3(b), and the proposed model has reduced the 75th percentile from 25.4 degrees in STGCN to 17.8
degrees. The reduction was most pronounced at the end of the day; due to thermal decay and street channeling,
a rapid rotation of regional and canyon-level winds occurred.

The distribution of speed error is narrower in persistence and graph-based models, and TiDE-GNN has both a
lower median error and a shorter upper tail. The first is the median of 0.39 m s, and secondly, the number of
hours exceeding 0.50 m s is relatively low; this shows that the device still functions properly in gusty wind
conditions. TiDE-GNN shifts the direction-error density downwards and reduces the 75" percentile to 17.8
degrees. The remaining upper spread is concentrated in the low-speed area, and the small vector magnitude
makes the angular label less stable; thus, the direction error is still larger than the speed error after causal fusion.

The reference was not chosen because it was convenient for interpolation. Fixed sensors were not uniformly
distributed; they were more densely located near commercial streets and less frequently placed in narrow
service roads due to power supply, security and maintenance access restrictions in engineering applications.
Therefore, the withheld-segment split contained three types of difficult locations: short connectors between
high-rise blocks, long north-south canyons aligned with the prevailing wind, and sheltered side streets where
the local direction reversed during low-speed operation. For each test hour, the model was exposed to the same
synoptic forcing and static morphology as the baseline, but only the observations available before quality control
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masking were used. The set-up of the problem does not use dense local measurements and does not require
excessive spatial smoothing of road-network context.

(a) Speed-error distribution with target threshold (b) Direction-error density and upper-spread conti

1.2. 1.2.
= phox: IQR ---line: P10-P90

— =
o o
£ 0.3 0.50 m s-1 target £ 0'9';; 2%'5
§ § 22.1
@ 5 .
5 06 0-p11 T 06 B 187
e - B | e e R g 165 /151
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Figure 3. Distributional accuracy under hourly testing: (a) wind-speed absolute error by method; (b) directional absolute error by method.

Accuracy, Spatial Transfer, and Ablation Analysis

Table 2 reports the benchmark models and input configurations used for the accuracy and ablation comparisons.
Placing this table before the model-performance analysis clarifies which temporal module, spatial module,
fusion strategy, and output definition were tested in the following results.

Table 2. Benchmark models and input configuration

Model Temporal module Spatial module Fusion strategy Output
Persistence Last observation None None Speed and direction
LSTM Recurrent encoder None Concatenation Vector wind
Fi raph
STGCN Temporal convolution ed g a.p Concatenation Vector wind
convolution
Dilated t | . . .
Graph WaveNet rate em.pora Adaptive graph Concatenation Vector wind
convolution
Trend and residual Morphology-awar Vi r wind an
TIDE-GNN end and residua orphology-aware Causal-guided gate ector wi .d and
encoders graph uncertainty

Figure 4(a) compares the main accuracy metrics, where TiDE-GNN achieved a wind-speed MAE of 0.39 m s?,
RMSE of 0.54 m s’1, vector correlation of 0.87, and direction MAE of 13.2 degrees. The nearest graph baseline,
Graph WaveNet, obtained 0.46 m s MAE and 16.5 degrees direction MAE. The optimization is in line with the
results that spatially explicit environmental models need both a relational structure and domain-specific
covariates [21]. As shown in Figure 4(b) of the aspect-ratio stratification, TiDE-GNN reduced MAE by 10.2%
compared to STGCN for shallow canyons with a height-to-width ratio of less than 0.8, and the reduction reached
19.6% in deep canyons exceeding 1.8; thus, causal-guided fusion was most effective where morphology
exhibited non-linear shielding. The revised interpretation notes that repeated test-day behavior should be
reported to reduce the risk of overemphasizing a single favorable episode.

Spatial transfer was evaluated by withholding 28 road segments from training. In Figure 4(c), the segment-level
scatter between observed and estimated wind speed shows that the fitted slope improved from 0.74 for STGCN
to 0.91 for TiDE-GNN, and the high-speed underestimation above 4 m s was visibly reduced. The ablation
comparison in Figure 4(d) further separates the contribution of each module. Removing causal fusion increased
wind-speed MAE from 0.39 to 0.426 m s, removing temporal decomposition increased it to 0.419 m s,
removing morphology-aware edge weights increased it to 0.438 m s, and replacing vector loss with speed-only
loss increased direction MAE from 13.2 to 16.9 degrees. These ablations indicate that the gain did not come
from a single large block; it accumulated through the alignment of temporal, causal, and graph components.
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(a) Metric matrix with normalized engineering indicators (b) Aspect-ratio stratified MAE
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Figure 4. Main performance and ablation analysis: (a) metric comparison across methods; (b) MAE by canyon aspect-ratio group; (c)
observed-estimated speed scatter on withheld segments; (d) module ablation effects.

According to the metric matrix, TIDE-GNN improves all four normalized indicators without sacrificing trading
direction accuracy for speed accuracy. A vector correlation of 0.87 was achieved; thus, it can be confirmed that
the model has preserved the coupled speed-direction structure of the canyon wind field.

As shown in the aspect-ratio curves, model separation increases with deeper canyons. This behavior supports
the morphology-aware graph design; that is, shielding and channeling are weak in shallow streets but become
prominent when the height-to-width ratio exceeds 1.8. The withheld-segment scatter has a slope of 0.91, and
high-speed underestimation is reduced on unseen roads. The residual dispersion after removing the one-to-one
line is larger at speeds below 1 m s}, and direction variability and sensor resolution also increase uncertainty.

Removing morphology-aware edges results in the largest speed-error increase, and using speed-only loss
introduces the most direction-error penalty. Based on the ablation results, spatial structure and vector-aware
training are complementary rather than substitutes.

The spatial pattern of errors is examined in Figure 5(a) through a canyon-segment heat map of mean vector
error. Segments surrounded by buildings taller than 45 m showed local peaks of 0.72 m s near two T-
intersections, while open boulevards remained below 0.35 m s*. The joint response surface in Figure 5(b) relates
wind-speed MAE to sensor density and height-to-width ratio. When the sensor density dropped below 0.6
sensors per km2 and the height-to-width ratio exceeded 1.8, the MAE rose to 0.64 m s!; with causal fusion, the
same region remained 0.09 m s lower than the non-causal variant. The analysis follows the view that urban
sensing systems should report where and why prediction uncertainty increases rather than only presenting a
single average score [22].
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(a) Segment-level vector-error heat map with hotspot labels 5 4(b) Conditional MAE response surface and risk contour
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Figure 5. Spatial and conditional error behavior: (a) segment-level vector-error heat map; (b) response surface of MAE under sensor
density and height-to-width ratio.

The heat-map hotspots are concentrated near high-rise T-junctions, and facade shielding and local recirculation
cause an abrupt change over a short distance. Open Boulevards are still below 0.35 m s%; therefore, the model
does not have a uniform bias and is affected by identifiable morphological conditions.

The response surface links higher MAE to low sensor density and high height-to-width ratio. The 0.65 MAE
contour indicates that adding sensors or improving morphological descriptors is relatively more beneficial than
solely adjusting the neural architecture in terms of operational risk areas.

Based on the ablation study, the causal gate performs differently in different weather conditions. A stable
representation is used in high-wind areas, and because the primary cause of the local deviation is canyon
channeling, morphological and alignment terms are employed. In calm and thermally heterogeneous periods,
the contextual weights of thermal descriptors were relatively high, but they did not dominate all regions of the
gate. Separately, the shaded commercial street group reduced overfitting because the surface temperature
correlated with sampling frequency. On the other hand, the non-causal fusion variant also assigned high weights
to mobile-sensing density in some parts and increased the withheld-segment MAE by 0.031 m s™. Therefore,
while mobile observations are feasible, they do not have a representative spatial distribution in the data.

Robustness, Efficiency, and Engineering Interpretation

Robustness tests considered sensor dropout, boundary-condition perturbation, mobile-sensing sparsity, and
extreme thermal contrast. The normalized radar in Figure 6(a) shows TiDE-GNN scoring 0.91 for 10% sensor
dropout, 0.84 for 30% dropout, 0.80 for 50% dropout, 0.86 for boundary perturbation, and 0.82 for mobile
sparsity. The corresponding Graph WaveNet scores were 0.86, 0.74, 0.63, 0.78, and 0.69. Dropout-level RMSE is
plotted in Figure 6(b), where TiDE-GNN increased from 0.51 m s* at full observation to 0.58 m s at 30% dropout
and 0.73 m st at 50% dropout, while STGCN increased to 0.88 m s at the highest dropout. Robustness under
missing observation is important because field deployments often experience power loss, communication delay,
or sensor maintenance gaps [23]. Dropout is interpreted as a practical proxy for communication failure,
maintenance downtime, and temporary loss of low-cost sensors. The dropout experiment is framed as a
practical approximation of communication failure, maintenance interruption, and temporary sensor loss.

Robustness Radar shows that TIDE-GNN maintains good performance after dropout, boundary perturbation and
mobile-sparsity tests. The largest gap between Graph WaveNet and the others occurs at 50% dropout; thus, the
causal gate is required when direct observational data are unavailable.

The dropout curves show a gradual RMSE increase for TiDE-GNN rather than the steeper degradation observed
in LSTM and STGCN. Maintaining 0.58 m s RMSE at 30% dropout is important for real deployments, where
temporary sensor loss is common.
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Figure 6. Robustness under disturbed observation conditions: (a) normalized robustness radar; (b) RMSE under sensor-dropout levels.

The hourly error profile in Figure 7(a) describes a representative heat-advection day. Between 13:00 and 17:00,
the regional wind speed rose from 2.6 to 4.1 m s, while local canyon direction shifted by nearly 38 degrees.

TiDE-GNN maintained wind-speed MAE below 0.48 m

s during this interval, whereas LSTM reached 0.76 m s

at 16:00. As shown in Figure 7(b), the causal-gate contribution of stable weight is 34% regional forcing, 27%
morphology, 22% local sensors, 11% thermal descriptors, and 6% traffic disturbance. A relatively small but non-
zero traffic weight is consistent with the idea that traffic-induced turbulence is context-dependent rather than
a general wind driver [24]. Calibration behaviors is shown in Figure 7(c); the predicted 80% intervals covered
82.6% of the observed wind vectors. Inference latency is shown in Figure 7(d), and the median time per hour of
the city graph was 38ms on a single RTX-class GPU and 214ms on a CPU.

(a) Hourly error on heat-advection day
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Figure 7. Temporal behavior, causal contribution, uncertainty, and latency: (a) hourly MAE on a heat-advection day; (b) stable gate
contribution of input groups; (c) predicted interval calibration; (d) inference latency distribution.

407



TiDE-GNN: Causal-Guided Fusion Graph Neural Network for Automated Urban Canyon Wind Field Estimation from Sparse
Mobile and Fixed Sensing
https://doi.org/10.64972/jaat.2026v4.385p30e:398-412

The hourly profile shows that TIDE-GNN remains below 0.48 m st during the 13:00-17:00 heat-advection window,
when both wind speed and direction change quickly. The LSTM peak at 16:00 indicates that temporal memory
alone cannot represent morphology-driven rotation. The causal gate gives the most stable weight to regional
forcing and morphology, and thermal and traffic variables are context-dependent. The distribution is physically
reasonable; therefore, the traffic disturbance will only cause local turbulence and will not change the main
canyon-scale wind direction.

Observed coverage is close to the nominal coverage line, and 82.6% of the 80% interval has been realized. A
slight overestimation in engineering is acceptable, so the risk of overly confident wind field maps is reduced.
Latency distribution shows that GPU inference is well below the 250ms operating limit, and CPU inference is still
feasible for hourly batch processing. It can run well on high-performance and standard municipal computer
systems.

Engineering sensitivity was analyzed through controlled changes in graph construction and training environment
definition. A fixed distance graph increased MAE by 0.048 m s compared with the morphology-aware graph,
while a purely topological graph increased it by 0.033 m s™. Partitioning environments only by weather regime
reduced causal stability because sheltered and open canyons were mixed; adding aspect-ratio groups lowered
the variance of environment risk by 21%. The deployment-oriented comparison in Figure 8 shows accuracy,
robustness, latency and calibration in the same engineering perspective. TiDE-GNN had the best accuracy and
calibration; LSTM was the second highest in latency; TiDE-GNN led the composite engineering score. Previous
deployment studies have indicated that such multi-criterion evaluation is required when the models are to
support air-quality management, pedestrian comfort assessment and emergency response, etc., rather than
offline reconstruction alone [25]. The composite engineering score combines normalized accuracy, robustness,
calibration, and latency indicators for deployment-oriented comparison. The composite score is clarified as a
normalized engineering index combining accuracy, robustness, calibration, and latency.

Accuracy - (TiDE-GNN: best composite score 0.89)

rank: TiDE-GNN

Latency - B0KE:pA 0.7 - rank: LSTM

Robustness -
Calibration - rank: TIDE-GNN

Composite - rank: TIDE-GNN

Stacked normalized engineering score with best-model label

m LSTM mm STGCN
®m Graph WaveNet  ®® TiDE-GNN

Figure 8. Deployment-oriented comparison of candidate models across accuracy, robustness, latency, calibration, and composite
engineering score.

The deployment comparison shows that TIDE-GNN has the best overall score because it has high accuracy, strong
missing-data handling, calibrated uncertainty and a reasonable latency. LSTM is still the fastest, but due to lower
accuracy and calibration issues, it is less suitable for use in street-level environmental decision-making. The
remaining citation placeholders in this experimental section are methodological anchors for benchmark design,
sensor-quality control, uncertainty evaluation and urban climate interpretation. Segment withholding follows
the spatial generalization tests in street-network learning [26]. The dropout experiment shows the missingness
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pattern in the low-cost environmental monitoring [27]. Directional Error is shown separately because vector
cancellation may obscure angular failure at low speeds [28]. Uncertainty interval evaluation follows the
probabilistic environmental forecasting practice in [29]. A latency test covering the end-to-end preprocessing
and inference duration of the operational system's model execution and data alighment was conducted.

In terms of engineering interpretation, the model is more suitable for a deployment goal of continuous
monitoring rather than a single diagnostic simulation. The median GPU inference time of 38 ms shows that the
hourly update of the 187-segment graph consumes only a small part of the operating time budget. The CPU
results are slower but still feasible for municipal servers that process multiple environmental layers in batches.
Memory usage is also relatively small because TiDE-GNN stores the static morphology once and only updates
the dynamic node features and edge weights at each time step. Therefore, in practice, the road graph could be
kept in memory and new observations streamed as they arrived from stations and mobile traverses.

The uncertainty output provides an additional layer for decision support. In low-error boulevards, the 80%
interval width was usually below 0.72 m s, while in high-rise T-intersections it increased to 1.18 m s. This
behavior is desirable because the model expresses lower confidence in places where the flow is more affected
by unresolved local separation [30]. For air-quality coupling, such uncertainty can be propagated into pollutant
dilution estimates; for pedestrian comfort mapping, it can mark streets where field verification is needed before
issuing operational guidance. The model therefore functions not only as an estimator but also as a screening
tool for sensing gaps and morphology-induced ambiguity.

According to a closer look at the direction error, vector-based training was chosen over separate speed and
angle regression. At a low speed, a small vector magnitude can still cause a relatively large angular displacement
because of the effect of inertia. Angular error directly affects the transport downstream during a high-speed
channelization period. TiDE-GNN addressed this problem by optimizing vector loss with a direction penalty and
thus emphasized the direction only when the flow had sufficient momentum. This Design reduced large-angle
failures at exposed intersections and did not make the model too sensitive to noisy direction labels during near-
calm hours. The same phenomenon was observed in the calibration analysis: the model had wider intervals for
the low-speed direction estimate and narrower intervals for strong channeling states, which is suitable for
coupling wind estimation with dispersion or comfort models.

The case study also shows how the proposed framework can be incorporated into a municipal digital-twin
workflow. Static morphology layers can be updated when new LiDAR surveys or building permits are available,
and dynamic forcing and sensor streams can be refreshed hourly. Since the graph construction is explicit, one
can determine which upstream sections are associated with a particular canyon at a specific wind direction. This
inspection can be used to identify a predicted hotspot that does not match field observations, and the cause
may be a morphology descriptor, a sensor-quality flag, or a causal gate assigned to a feature group. Therefore,
the model is not a black-box replacement for physical reasoning; instead, it is a computational layer that
organizes various observations into a street-network representation suitable for repeated operation.

Test the behavior of the model in some extreme cases. Almost all parallel street pairs with continuous building
blocks had distance-only graphs, and wind information propagated too easily; therefore, an artificial similarity
was created between these segments that were not aerodynamically connected. Open intersections did not
include cross-flow exchange in the fixed topological graph because they had the same edge weight before and
after wind rotation. Morphology-aware dynamic graph addressed the above two problems by increasing the
weights of exposed, wind-aligned openings and decreasing the weights of shielded facade barriers. Therefore,
it can be seen that the main improvement occurred in the mixed-morphology zone and not along the entire
boulevard, due to local variations in wind direction over a single or two blocks. It can also help us debug the
model; when a prediction is questioned, we can examine the active edge weights to see whether it was caused
by upstream exposure, sensor evidence or static canyon similarity.

Conclusion

TiDE-GNN is a temporal decomposition-enhanced graph neural network with causal-guided fusion proposed in
this paper for wind field estimation in urban canyons. The three intertwined problems in street-scale wind
estimation that the model seeks to resolve are: the joint occurrence of slow synoptic changes and rapid local
disturbances; the anisotropy of wind information propagation through morphology-constrained street networks;
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and the risk of unstable correlations in multimodal urban sensing. Temporal decomposition, morphology-aware
graph propagation and environment-wise causal gating were used in the proposed framework to obtain a
consistent vector wind estimate for each road segment and time step, and an understandable link between
inputs and urban flow behaviour was maintained.

Several Deficiencies Remain. The model needs the availability and accuracy of urban morphology descriptors,
and errors in building height, road width or sky-view factor will be passed on to the graph weights. The causal
environments employed in the training are restricted to observable weather patterns, aspect ratios and sensor
coverage, and may not cover all hidden reasons for local turbulence. The current formulation also only considers
horizontal near-ground wind and does not explicitly address vertical exchange, roof-level shear or wake
structures behind individual facade elements. Future work is expanded to include cross-city validation, online
adaptation under sensor drift, and active sensor placement.

Future work will extend the framework to three-dimensional urban ventilation estimation, add online
adaptation for sensor drift, and improve the integration with reduced-order physical simulations. Further work
is needed to test the transferability of the above in other areas with different building materials, street
orientations, vegetation patterns and thermal climates. A good direction is to combine causal-guided graph
learning with active sensor placement, and thus the estimation system can determine where new observations
would reduce uncertainty in the operational urban climate service most effectively.
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