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Abstract

Urban heat forecasting is important for climate adaptation, yet reliable multi-city
prediction remains difficult because short-term meteorology interacts with persis-
tent urban form, this study evaluates a knowledge-guided probabilistic framework
for next-day land surface temperature (LST) forecasting in Casablanca, Mar-
rakech, and Tangier, a seven-day dynamic sequence and six static descriptors
feed a heteroscedastic recurrent baseline, while a matched-seed warm-start resid-
ual introduces prescribed directional contributions for built-up, impervious, and
vegetation fractions. A sentinel-clean audit retained 365,500 valid daily targets
from 440 verified cells and reproduced 24,902 canonical forecasting sequences, the
point benchmark evaluates six models over five seeds on identical train, valida-
tion, and test target sets (14,917/4,008/5,977), using minimum validation RMSE
for checkpoint selection, the probabilistic dynamic+static baseline achieved the
lowest mean test RMSE and MAE, 2.998 4 0.043 and 2.313 £ 0.017 °C; the
proposed model ranked second in RMSE and third in MAE at 3.034+0.119 and
2.349+0.090 °C, in the separately preserved validation-Gaussian-NLIL-selected
paired analysis, the 95% moving-block-bootstrap intervals for RMSE and Gaus-
sian NLL included zero, whereas MAE favored the baseline by 0.0336 °C.

The structured mean residual nevertheless satisfies the prescribed directions
exactly and raises complete-predictor consistency by 7.6, 10.4, and 24.7 percent-
age points for built-up, impervious, and vegetation responses at the primary
perturbation, calibration and hot-tail analyses do not show an overall uncertainty
advantage, and transfer to an unseen city is mixed.



The contribution is therefore a reproducible accuracy—physical-consistency trade-
off within a probabilistic forecasting pipeline rather than a claim of predictive or
uncertainty superiority.

Keywords: Urban heat forecasting; Land surface temperature; Probabilistic
forecasting; Knowledge-guided modeling; Directional residuals; Calibration; Morocco

1 Introduction

Urban heat is an increasingly consequential manifestation of climate change in cities,
elevated surface and near-surface temperatures intensify heat stress, increase cool-
ing demand, and can amplify inequalities in thermal exposure, at the same time, the
growing availability of meteorological, remotely sensed, and geospatial urban data
has made data-driven modeling of urban thermal dynamics substantially more fea-
sible, recent reviews nevertheless describe a field in which methodological progress
has been uneven, [1] report rapid growth in machine-learning applications for urban
canopy-layer air-temperature prediction but identify continuing weaknesses in uncer-
tainty reporting, benchmark consistency, and operational validation, the study [2]
reach a similar conclusion for urban heat-island prediction, where evaluation remains
dominated by point-accuracy comparisons, broader reviews [3, 4] further argue that
predictive modeling should be assessed in relation to the full chain from sensing and
forecasting to mitigation, adaptation, and decision support.

Recent empirical work confirms that urban heat modeling has moved well beyond
descriptive mapping, [5] show that explicit urban-configuration information can
improve land surface temperature prediction, thereby linking thermal prediction to the
physical structure of the city, [6] use deep learning to estimate thermal consequences
of projected urban sprawl, extending the task toward scenario-based prediction,
morphology-aware work under local climate zones likewise demonstrates that urban
form carries systematic thermal information [7], multi-source and multi-city studies
have further expanded the forecasting setting by combining meteorological histories,
urban morphology, and distributed observations [8-10].

Two methodological issues are particularly important, the first is physical plausibility;
vegetation is generally associated with cooling through shading and evapotranspi-
ration, whereas greater built-up and impervious fractions are often associated with
enhanced heat storage and reduced evaporative cooling under otherwise comparable
conditions, these relationships are heterogeneous rather than universal causal laws,
and post-hoc interpretability studies show that their magnitudes can vary across local
climate zones and urban contexts [11-13], nevertheless, most forecasting models still
treat such variables as unrestricted covariates. When a directional prior is scientifi-
cally intended, an unconstrained predictor may therefore respond in a direction that
conflicts with that prior even if its average error is low.

A broader machine-learning literature provides mechanisms for incorporating such
prior structure, theory-guided and scientific-knowledge-guided learning explicitly
integrate domain knowledge into data-driven models through inputs, architecture,



objectives, or hybrid components [14, 15]; shape-constrained methods, including deep
lattice networks and constrained monotonic neural networks, show that user-specified
monotone relationships can be enforced by construction [16, 17].

The second issue is probabilistic reliability; environmental predictions may be used
under spatial heterogeneity, measurement imperfections, and distribution shift, so a
probabilistic output should be evaluated rather than treated as automatically infor-
mative, in an Earth-observation setting, the study [18] demonstrate the importance of
calibration and uncertainty assessment for deep models under distribution shift. The
methodological implication is relevant here: reporting a predictive variance is not, by
itself, evidence of superior uncertainty quality, proper scores, interval behavior, hot-
tail performance, and transfer must be examined separately from point accuracy.
Against this background, this study develops and audits a knowledge-guided prob-
abilistic forecasting framework for next-day LST in Casablanca, Marrakech, and
Tangier, the objective is not to maximize a single benchmark score or to claim uni-
versal physical correctness, rather, the study asks whether a transparent, directionally
structured residual can improve physically intended response behavior while keep-
ing predictive performance close to a strong unconstrained probabilistic baseline,
the evaluation is designed around exact target alignment, matched seeds, separated
checkpoint-selection tracks, dependence-aware paired inference, mechanism-focused
interventions, calibration diagnostics, and cross-city stress tests.

The main contributions are:

® A probabilistic next-day LST forecaster combines seven-day meteorological and
thermal-history sequences with static urban descriptors and augments a strong
recurrent baseline with explicitly structured mean and variance residuals.

® The architectural claim is stated at its correct scope: the structured residual obeys
the prescribed directions for built-up, impervious, and vegetation fractions, whereas
the unconstrained base branch prevents a claim of global end-to-end monotonicity.

® A sentinel-clean data-lineage audit establishes a reproducible canonical benchmark,
and six five-seed models are evaluated on exactly the same 14,917/4,008/5,977
train/validation/test targets, including two graph/spatial and two modern temporal
forecasting families.

® The accuracy—physical-consistency trade-off is examined using paired moving-block
bootstrap inference, complete-predictor directionality tests, frozen component inter-
ventions, independently retrained structural ablations, calibration and hot-tail
diagnostics, city-wise and leave-one-city-out analyses, and a selective 2022 secondary
holdout.

2 Related Work and Research Gap

Research on data-driven urban heat has progressed from retrospective thermal map-
ping toward predictive, morphology-aware, and increasingly operational modeling.
Recent reviews nevertheless indicate that methodological development has been
uneven, [1] identify rapid growth in machine-learning applications for urban canopy-
layer temperature prediction but also note persistent weaknesses in uncertainty



reporting, benchmark consistency, and operational validation, [2] reach a similar con-
clusion for urban heat-island prediction, where model assessment remains dominated
by point-error comparisons, broader reviews [3, 4] argue that urban heat modeling
should be evaluated across the chain from sensing and prediction to mitigation, adapta-
tion, and decision support, while work on local climate zones emphasizes that thermal
processes vary substantially across morphological settings [19], spatial heterogeneity
is therefore a core modeling issue rather than a secondary source of noise.

2.1 Data-driven prediction and forecasting of urban thermal
conditions

Machine-learning studies have established that urban thermal variables can be mod-
eled directly from remotely sensed, meteorological, and geospatial information, [5]
show that explicit representation of urban configuration improves land surface tem-
perature prediction, demonstrating that built form is relevant to both accuracy
and interpretation, [6] use deep learning to estimate the thermal consequences of
urban sprawl, extending urban heat modeling from retrospective description toward
scenario-based prediction, the study [20] examine thermal-field variation under urban
expansion, while the work [21] address high-resolution LST downscaling in a rapidly
urbanizing semi-arid region.

A related body of work moves closer to operational or multi-city forecasting, the
studies [8] and [9] demonstrate the value of citizen weather-station observations for
urban temperature prediction, broadening the observational basis beyond conven-
tional monitoring networks, while [10] compare GRU, DNN, and ANN models using
urban morphological variables across European cities, providing an explicitly multi-
city perspective, [22] combine thermal, morphological, and activity-related information
for high-resolution air-temperature modeling, [23] develops a machine-learning frame-
work for spatiotemporal urban temperature mapping under typical meteorological
conditions; and [24] analyze urban heat from a spatiotemporal modeling perspective.

2.2 Urban morphology, local climate zones, and interpretable
learning

Urban morphology is widely recognized as a major determinant of intra-urban thermal
variation, [7] analyze air temperature through local climate zones and morphology-
aware machine learning, [25, 26] examine how urban structure and development
intensity relate to thermal conditions, and other work connects morphology to high-
resolution temperature mapping [22].

Interpretability-oriented studies further clarify these relationships, [11] use inter-
pretable machine learning to assess urban scene characteristics in New York City,
[12] employ a CatBoost-SHAP framework to analyze heterogeneous morphology
effects across local climate zones, and [13] use XGBoost-SHAP to investigate built-
environment influences on urban heat islands.

The morphology literature is also closely connected to planning and mitigation, [27]
combines machine learning and geospatial analysis to support surface urban heat-
island mitigation in Riyadh, the work in [28] develop a machine-learning framework



for heat mitigation in informal settlements, [29] examine policy implementation for
urban heat-island mitigation, [30] identify multiscale nonlinear effects of urban green
space, and [31] study seasonal inequity in heat exposure. Additional studies investi-
gate nighttime heat-island patch structure [32] and the thermal role of public open
space using multisource data [33].

2.3 Knowledge-guided and shape-constrained learning

The idea of integrating scientific knowledge into machine learning is broader than
urban heat forecasting, theory-guided data science frames domain knowledge as
a source of structure that can improve scientific consistency, interpretability, or
generalization [14], a later survey organizes scientific-knowledge integration across
architecture, loss functions, hybrid modeling, and other mechanisms for engineering
and environmental systems [15], within this broad family, shape-constrained learning
addresses a more specific problem: enforcing known qualitative relationships such as
monotonicity, deep lattice networks can impose partial monotonicity with respect
to user-specified inputs [16], while constrained monotonic neural networks provide
another architecture-level route to monotone function approximation [17].

2.4 Spatiotemporal forecasting architectures and probabilistic
evaluation

General time-series and graph-learning research provides several architectures relevant
to urban thermal forecasting, STGCN combines graph and temporal convolutions to
model observations linked by a fixed spatial structure [34], MTGNN learns directed
inter-variable relations and integrates graph propagation with dilated temporal con-
volutions [35], PatchTST represents time series as temporal patches processed by a
channel-independent Transformer [36], whereas TimesNet maps one-dimensional tem-
poral variation into a two-dimensional multi-periodic representation [37], these model
families are useful references because urban temperature evolves through both tem-
poral persistence and spatial coupling, their effectiveness, however, depends on the
forecast horizon, history length, graph definition, availability of static descriptors, and
tuning protocol.

Probabilistic evaluation remains less developed in urban heat forecasting than point
prediction, in the broader environmental domain, [18] show that calibration and uncer-
tainty assessment are important when deep models are evaluated under distribution
shift, the implication for urban heat is straightforward: a forecasting system should
not be judged only by RMSE or MAE when it also produces a predictive distribu-
tion, proper scores, empirical coverage, interval width, and high-temperature behavior
provide complementary evidence.

2.5 Research gap and study positioning

The literature leaves four connected methodological requirements insufficiently
resolved in combination, first, benchmark comparisons require exact alignment of tar-
get observations, split years, metrics, random seeds, and checkpoint-selection rules;



otherwise, rankings can be confounded by the evaluated cohort, second, the estab-
lished physical relevance of urban morphology is rarely translated into an explicitly
audited directional mechanism within a probabilistic urban-heat forecaster, third,
evaluations often emphasize average point accuracy without jointly examining calibra-
tion, high-temperature behavior, transfer across cities, or the dependence structure of
spatiotemporal errors, fourth, post-hoc explanations are commonly reported without
mechanism-focused interventions that test whether a proposed structural component
is actually responsible for the claimed response behavior.

This study addresses those requirements through a deliberately narrow contribution,
it combines a probabilistic dynamic—static recurrent predictor with a structured resid-
ual whose prescribed directional effects apply exactly to the residual branch, not to
the complete predictor, the empirical design uses a verified canonical cohort and eval-
uates the baseline, the full proposed model, and four contemporary graph or temporal
reference implementations on identical target observations over five matched seeds,
point-performance comparisons are complemented by city-stratified moving-block
bootstrap inference, physical-directionality audits, frozen-component interventions,
independently retrained structural ablations, calibration and hot-tail diagnostics, a
secondary temporal holdout, and leave-one-city-out evaluation, our contribution is to
quantify an accuracy—physical-consistency trade-off under a reproducible multi-city
forecasting protocol.

Table 1 summarizes the methodological progression of the field and the unresolved
issue motivating each component of the present design.



Table 1 Synthesis of representative related work and the methodological requirements motivating

the present study.

Research emphasis

Representative stud-
ies

Established contribu-
tion

Unresolved method-
ological issue

Urban thermal
prediction and down-
scaling

Operational and
multi-city forecasting

Morphology, local
climate zones, and
interpretability

Knowledge-guided
and shape-
constrained learning

Planning and mitiga-
tion applications

Graph and modern
temporal forecasting

Probabilistic environ-
mental prediction

Tanoori et al. [5]; Fu et
al. [6]; Zhang et al. [20];
Tahooni et al. [21]

Romero Rodriguez et al.
[8]; Castro Medina et al.
[9]; Tehrani et al. [10];
Chen and Han [22]; Shen
[23]; Sampaio et al. [24]

Fan et al. [7]; Lau et al.
[25, 26]; Li et al. [11];
Liu et al. [12]; Zhang et
al. [13]

Karpatne et al. [14];
Willard et al. [15]; You
et al. [16]; Runje and
Shankaranarayana [17]

Alghamdi [27]; Hussain-
zad and Gou [28]; Wang
and Liu [31]; Zhong et
al. [30]; Wang et al.

[29, 32]; Shi et al. [33]

STGCN [34]; MTGNN
[35]; PatchTST [36];
TimesNet [37]

Zhang et al. [18];
methodological concerns
identified in reviews

(1, 2]

Demonstrates that
remotely sensed,
meteorological, and
urban-configuration vari-
ables support direct
prediction of urban
thermal conditions at
multiple resolutions.

Extends urban heat
modeling toward
temporally resolved,
multisource, and multi-
city prediction.

Establishes that
urban-form effects are
heterogeneous, physically
meaningful, and impor-
tant for both prediction
and explanation.

Provides general mech-
anisms for integrating
scientific knowledge
and for imposing user-
specified monotonic
relationships by con-
struction.

Connects thermal analy-
sis to green-space design,
exposure equity, mitiga-
tion policy, and urban
planning.

Provides mechanisms
for spatial dependence,
adaptive graph learning,
patch-based attention,
and multi-periodic tem-
poral representation.

Shows that calibration,
distribution shift, and
predictive reliability are
essential beyond point
accuracy.

Results are difficult to
compare across het-
erogeneous targets,
resolutions, sampling
schemes, horizons, and
validation protocols.

Physically guided struc-
ture, probabilistic
output, and exact target-
aligned benchmarking
are rarely integrated in
one framework.

Directional knowledge is

usually assessed post hoc
rather than encoded and

tested as an architectural
mechanism.

These general methods
do not by them-

selves establish how a
residual-level directional
constraint behaves inside
probabilistic multi-city
urban LST forecasting.

The emphasis is gen-
erally diagnostic or
prescriptive rather than
probabilistic next-day
forecasting and reliabil-
ity assessment.

Reported performance
is sensitive to history
length, graph construc-
tion, input availability,
tuning, and the evalu-
ated target cohort.

Urban heat studies
rarely combine prob-
abilistic forecasting
with calibration, hot-
tail, transfer, and
dependence-aware infer-
ence.

3 Methodology

The methodological framework was designed so that data construction, model devel-
opment, benchmark comparison, and reliability assessment follow a transparent and
internally consistent protocol, Figure 1 summarizes the complete workflow, from multi-
source data integration and sentinel-clean validation to canonical-cohort evaluation,
physical-response diagnostics, and robustness analysis.



Overall research pipeline
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Fig. 1 Overall workflow from multi-source data construction and sentinel-clean validation to
canonical-cohort training, aligned comparison, physical-response diagnostics, and reliability analysis.

3.1 Study area, data sources, and verified lineage

The analysis covers Casablanca, Marrakech, and Tangier, daily land-surface temper-
ature (LST) is obtained from the MODIS/Terra MOD11A1 Collection 6.1 product
(Google Earth Engine collection MODIS/061/MOD11A1), a daily product with 1-km
native spatial resolution; the LST values are converted to degrees Celsius during pre-
processing, daily meteorological drivers are taken from ERA5-Land Daily Aggregates
(Google Earth Engine collection ECMWF/ERA5_LAND/DAILY_AGGR) and harmonized
with the cell-level daily panel.

The ten dynamic predictors used by the forecasting models are t2m_c, td2m_c,
rh2m_pct, wind10.ms, ssrd_wm2, tp_mm, sp_hpa, lst_c, sin_doy, and cos_doy; the
prediction target is next-day target_lst_c.

The six static descriptors are longitude, latitude, elevation (elev_m), vegetation frac-
tion, built-up fraction, and impervious fraction.

Daily city—year extraction was performed in Google Earth Engine, with ERA5-Land
variables sampled into the spatial extraction framework and missing LST represented
upstream by sentinel values that are removed by the audited cleaning procedure.



Study Area: Moroccan Cities and Spatial Grid Framework
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Fig. 2 Study area and spatial grid framework for Casablanca, Marrakech, and Tangier. The verified
modeling panel contains 94, 97, and 249 retained cells, respectively.

The data-lineage audit distinguishes verified downstream quantities from histori-
cal upstream assertions, the merged city—cell-date panel contains 964,040 rows, and
a legacy target-clean representation contained 370,780 rows, a sentinel-clean recon-
struction removed 5,280 invalid target sentinel values and contains 365,500 rows, the
canonical train, validation, and test sequences are exactly unchanged between the
legacy and sentinel-clean versions, including keys, ordering, features, and targets. The
final retained set contains 440 cells: 94 in Casablanca, 97 in Marrakech, and 249 in
Tangier.

To clarify the provenance of the final modeling dataset, Figure 3 summarizes
the verified row-level transitions from the merged panel to the sentinel-clean repre-
sentation, the diagram distinguishes reproducible cleaning operations from upstream
filtering stages that could not be reconstructed retrospectively.



1e6 Verified row-level data lineage
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Fig. 3 Verified row-level data lineage. Sentinel cleaning removes 5,280 invalid target rows without
changing the canonical forecasting sequences.

Figure 4 complements the lineage audit by illustrating how the heterogeneous
thermal, meteorological, temporal, and static spatial variables were harmonized into
the daily spatiotemporal panel and subsequently transformed into rolling next-day
forecasting samples.

Data Construction Workflow
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Fig. 4 Construction of the daily spatiotemporal panel and rolling forecasting samples from hetero-
geneous data sources.

3.2 Canonical forecasting samples

The look-back length is L = 7 days and the forecast horizon is H = 1 day, a sample
(X, si,9;) is retained only when the seven input dates are consecutive, all required

10



dynamic and static inputs are valid, and the next-day target is observed, the normal-
izer is fitted exclusively on the training split: means and standard deviations for the
dynamic variables, static variables, and target are estimated from training data and
then applied unchanged to validation and test data. Predictions are transformed back
to physical units for evaluation, and predictive variances are rescaled consistently with
the squared target scale.

The primary chronological split uses 2018-2020 for training, 2021 for validation, and
2023 for testing, yielding 14,917, 4,008, and 5,977 canonical targets, respectively; the
corresponding city counts are reported in Table 2.

Table 2 Canonical sequence counts by split and city.

Split Casablanca  Marrakech  Tangier Total
Training 2,724 5,179 7014 14,917
Validation 925 1,806 1,277 4,008
Test 1,350 2,219 2,408 5,977

Figure 5 illustrates the structure of each canonical forecasting sample, a seven-day
sequence of dynamic meteorological and thermal variables is combined with a static
urban-form vector to predict the land-surface temperature of the following day.

One Forecasting Sample Representation

7-day dynamic input sequence X; target y;
Grid cell 7 A S (next-day
thermal target)
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Each sample combines dynamic history and static urban-form context.

Fig. 5 Representation of a seven-day dynamic sequence, a static urban-form vector, and the next-
day LST target.

3.3 Probabilistic base model

A GRU maps the dynamic sequence to h = Fy(X). A feed-forward branch maps
the complete normalized static vector to u = Uy, (s), and a fusion module gives z =

11



F,([h,u]), linear heads output a base mean f1o(X, s) and a pre-softplus variance score
qo(X, s), with

vo(X, 8) = softplus(go(X, s)) + ¢, e=10"" (1)
The score qg is a pre-softplus variance score and is not interpreted as a mathemati-
cal log variance, the recurrent models are trained by Gaussian negative log-likelihood
(NLL), checkpoint reporting is track-specific: the six-model point benchmark uses
the minimum-validation-RMSE checkpoints, whereas the original probabilistic and
mechanism-focused analyses retain the minimum-validation-Gaussian-NLL check-
points.

3.4 Knowledge-guided residual model

The static variables are partitioned as s = (s,s7,s"), where st contains built-up
and impervious fractions, s~ contains vegetation fraction, and s° contains longitude,
latitude, and elevation.

Figure 6 summarizes this physically motivated grouping into positively constrained,
negatively constrained, and unconstrained contextual variables.

Static-Variable Partitioning

B 0 ~
o =
Positive monotonic effects Negative monotonic effects Unconstrained contextual variables
{ Built-up fraction ] { Vegetation fraction } [ Latitude }
[ Longitude J
( Impervious fraction J
{ Elevation J
v
Static branch of
proposed model

Note: Directional constraints are imposed only
on selected physically meaningful variables.

Fig. 6 Partition of static variables used by the knowledge-guided residual branch.

A residual context is formed from the dynamic embedding and the unconstrained
context variables,
¢ = Cy([h,Uo(s")])- 2)
For each constrained fraction, the nonnegative quadratic basis is m(z) = (x,z?).
Softplus-parameterized gates satisfy «, 3, @, B > 0. The structured residuals are

ru = {ae),m* (s7)) — (Bc),m™ (s7)), 3)

12



rg = (@(c),m"(s7)) + (B(c),m™(s7))- (4)
Positive learnable scales A, and A, produce

/~L(X7 8) ::U'O(Xv 8)4—)\#7"#7 (5)
(X, s) = qo(X, s) + A\grg, v(X, s) = softplus(q(X, s)) + €. (6)

The predictive law is Y | X, s ~ N (u(X, s),v(X, s)).
Figure 7 summarizes the implemented knowledge-guided probabilistic architec-

ture and the separation between the unconstrained base pathway and the structured
residual pathway.

Knowledge-Guided Probabilistic Forecasting Architecture
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@ The complete predictor remains partly unconstrained because the base branch receives all static variables.

Fig. 7 Matched-seed knowledge-guided probabilistic architecture.

For fixed context, r,, is nondecreasing in built-up and impervious fractions and non-
increasing in vegetation fraction, exact monotonicity is not claimed for the complete
mean because g also receives the complete static vector.

3.5 Matched-seed warm-start optimization

Each proposed run is initialized from the baseline checkpoint trained with the same
random seed (7, 13, 23, 37, or 73). Optimization uses Adam without weight decay, the
baseline configuration uses hidden size 64, dropout 0.1, batch size 256, learning rate
103, gradient clipping at 1.0, a maximum of 30 epochs, and early-stopping patience
10, for the proposed model, the GRU hidden size and residual-context hidden size are
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both 64, dropout is 0.1, and the mean and variance residual scales are initialized to
0.1 and learned through their positive parameterization.

The proposed warm-start run has a maximum of 50 total epochs, during the first six
epochs, all parameters are frozen except the enabled nonnegative gates and learnable
residual scales; this stage uses Adam with learning rate 1072, the remaining enabled
modules are then unfrozen for joint fine-tuning at learning rate 3 x 10~%, a ReduceL-
ROnPlateau scheduler halves the stage-2 learning rate after three validation plateaus
down to a minimum of 1075, batch size remains 256, gradient clipping is 1.0, weight
decay is zero, and early-stopping patience is 10, this matched-seed design removes the
earlier shared-checkpoint confound.

The optimization objective is :

1 N (y' ')2 1 —_
P E Wi — Hi)” 21 ) 1073 .
L N 2 |: 2, + 5 0gv; 0 ()\p, Aq) (7)

All normalization statistics are inherited consistently from the matched baseline
checkpoint, the official recurrent result artifacts record CPU execution, but the
exact historical processor model, operating-system version, and package versions
were not preserved; current audit-environment versions are therefore not attributed
retrospectively to the original training runs.

4 Theoretical Analysis

The analysis is restricted to properties supported by the implemented architecture,
the directional guarantee applies exactly to the structured residual correction, the
complete mean also contains an unconstrained base forecast that receives the full
static vector; therefore, exact end-to-end monotonicity is not claimed, the results
below establish residual directionality and sufficient regularity conditions for bounded
sensitivity and predictive-distribution continuity.

4.1 Assumptions

Assumption 1 (Compact normalized domain) The admissible input set X X S is compact.

Assumption 2 (Regular base predictor) The base functions po(X,s) and qo(X,s) are
Lipschitz on X x S.

Assumption 3 (Regular residual context) The dynamic encoder, context-static encoder, and
fusion map defining ¢ are Lipschitz on their admissible domains.

Assumption 4 (Monotone bounded basis and gates) The basis maps m™ and m™ are

componentwise nondecreasing, Lipschitz, and bounded on the compact fraction domain. The
gates o, B, &, and B are nonnegative, Lipschitz, and bounded. The scales A\;, and \q are finite
and nonnegative.
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Nonnegativity of the gates and residual scales is enforced through softplus param-
eterization, the compact-domain and Lipschitz assumptions are sufficient analytical
conditions for the finite trained modules; the study does not claim to have estimated
global Lipschitz constants empirically.

4.2 Directional structure of the residual

Proposition 1 (Directional structure of the residual) For fized context ¢, the residual

ru(e,s™,s7) = (ale),m™ (s7)) = (Be)m ™ (s7)) )

+

is componentwise nondecreasing in s* and componentwise nonincreasing in s .

Proof Every coordinate of m™ and m™ is nondecreasing, while a(c) and §(c) are componen-
twise nonnegative, hence the positive inner product is nondecreasing in s* and the negative
inner product is nonincreasing in s . ]

The proposition concerns only the residual correction, the total mean would inherit
exact monotonicity only if the base mean were independent of the corresponding
constrained variable or changed in the same direction; neither condition is imposed.

4.3 Sensitivity and variance regularity

Theorem 2 (Sensitivity of the complete mean) Under Assumptions 1-4, a finite L, > 0
exists such that B B
(X, 8) = (X, 8)| < Ly (X — X[+ |s — 8]).- (9)

Proof The base mean is Lipschitz by assumption, products of bounded Lipschitz basis and
gate functions are Lipschitz on a compact domain; finite scaling and addition preserve
Lipschitz continuity. O

Theorem 3 (Variance regularity) Under the same assumptions, the pre-softplus variance
score q(X,s) and predictive variance v(X,s) are Lipschitz on the admissible domain and
v(X,s) >e>0.

Proof The variance-score argument follows the same bounded-product reasoning as the mean
case, Softplus is globally 1-Lipschitz, and adding € guarantees strict positivity. O

4.4 Stability of the predictive distribution

Theorem 4 (Predictive-distribution stability) Let Px , = N(u(X,s),v(X,s)). Under
Assumptions 1-4, a finite Lp > 0 exists such that

Wa(Px s, Py ) < Lp(|X — X[+ [Is — 3])). (10)

,S
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Proof For one-dimensional Gaussian distributions,

2 2 2
W3 (N (p,v1), N (pz,v2)) = (p1 — p2)” + (Vor —/v2)” (11)
The mean and variance are Lipschitz, and v > ¢ makes the square-root map Lipschitz over
the attained range. O

Figure 8 links the formal statements established above to the corresponding
architectural components, it distinguishes the exact directional property of the struc-
tured residual from the assumption-conditional sensitivity and predictive-distribution
continuity results for the complete model.

Theorem-to-Architecture Correspondence

Architecture component Theoretical statement

Lipschitz regularity assumed on the

Temporal encoder and residual context e 2
admissible domain

Exact prescribed directionality for

Structured mean residual branch G e el e

Transparent separation of the

itive residual decomposition : :
bt Bl L] unconstrained base and structured correction

q and v are Lipschitz under the stated

Pre-softplus variance-score head ;i
assumptions; v = € >0

W, continuity of the Gaussian predictive
distribution under input perturbations

ONOCHOMOMNG,

Complete probabilistic predictor

Exact directionality is an architectural property of the structured residual.
Sensitivity and distributional-continuity results are conditional on the stated
compact-domain and Lipschitz assumptions.

Fig. 8 Correspondence between architectural components and theoretical statements.

5 Experimental Design

5.1 Protocol audit and evaluation cohorts

The project initially contained results from two different supervised cohorts, the canon-
ical sequence cohort contains 14,917/4,008/5,977 train/validation/test targets, earlier
graph and journal-origin experiments used a broader masked graph cohort containing
185,210/61,620/64,012 targets.

The canonical targets are a strict subset of the graph targets, with 170,293, 57,612,
and 58,035 additional graph-only targets. Consequently, metrics from the two cohorts
are not ranked as identical-target head-to-head results.

The broader-cohort results are retained only as contextual historical evidence in
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Appendix A.

The primary benchmark re-runs four contemporary references on the canonical cohort
and combines them with the existing baseline and proposed runs. Exact target iden-
tity is verified by city, cell identifier, target date, and target value. All four aligned
reference models and all five seeds use identical canonical cohort hashes. Graph-only
leakage is zero, checkpoints reload strictly, and test metrics are computed only after

validation-based checkpoint selection.

Figure 9 summarizes the two deliberately separated checkpoint-selection tracks used
in the final analysis: validation RMSE for the aligned six-model point benchmark
and validation Gaussian NLL for the recurrent probabilistic and mechanism-focused

analyses.

Evaluation Protocol with Separated Checkpoint-Selection Tracks

T
1 Canonical chronology

Train: 2018-2020
14,917 targets

Validation: 2021
4,008 targets

Test: 2023
5,977 targets

Y
I

=

a 2\ ( 2\
2A RMSE-selected point track 3A Point-benchmark interpretation
Six models x five seeds — Aligned cohort, seeds, point metrics,
Minimum validation RMSE and checkpoint-selection rule
RMSE and MAE ranking Still £ inputs, ures,
Identical validation/test targets objectives, tuning, and budgets
o = N >
2\ (i A
2B Original NLL-selected recurrent track 3B Probailistic interpretation
Baseline and proposed x five seeds Proper scores, coverag.e,.and sharpness
el LA . — interpreted jointly
Minimum validation Gaussian NLL £, e
o B} No overall prop del uncertainty g
NLL, CRPS, calibration, and hot tail = 5 ’
i i 2022 is selective and sentinel-aware
Directionality, ablation, bootstrap, transfer : i e
No cross-track inferential mixing
/ A J

[ X‘A Across-seed variability is sample SD (ddof=1), optimization variability, not a confidence interval.

Fig. 9 Chronological evaluation structure with separated checkpoint-selection tracks.

5.2 Aligned six-model point benchmark

The direct comparison contains exactly six models:

SOt W

the probabilistic dynamic+static GRU baseline;
the full matched-seed proposed model,;

an STGCN-style graph/spatial model [34];

an MTGNN-style adaptive graph/spatial model [35];
a PatchTST-style modern temporal model [36]; and
a TimesNet-style modern temporal model [37].
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For the six-model point benchmark, all models are evaluated using seeds 7, 13, 23,
37, and 73 on exactly the same canonical target observations, with identical physical-
unit RMSE and MAE definitions and minimum validation RMSE checkpoint selection,
the probabilistic dynamic+static baseline and the full proposed model use their dedi-
cated RMSE-selected checkpoint tracks for this comparison.

The original validation-Gaussian-NLL-selected baseline and proposed tracks are
retained separately for probabilistic and mechanism-focused analyses, including Gaus-
sian NLL, CRPS, calibration, hot-tail evaluation, directionality tests, structural
ablations, paired bootstrap inference, transfer, and the secondary 2022 analysis, results
from the two checkpoint-selection tracks are not mixed within a single inferential com-
parison.

The recurrent baseline and proposed model receive the ten dynamic features and all six
static features, STGCN-style and MTGNN-style retain the 440-node dynamic graph
context but are supervised only on canonical targets and omit the six static descrip-
tors, PatchTST-style and TimesNet-style receive the canonical seven-day ten-feature
dynamic sequences and likewise omit the static descriptors, thus, the target obser-
vations, seeds, point metrics, and checkpoint-selection criterion are aligned, whereas
architecture-specific inputs remain different and are reported explicitly.

5.3 Inference, physical-response tests, and ablations

For the original validation-Gaussian-NLL-selected recurrent track, the baseline and
proposed models have paired predictions for every test target, a city-stratified moving-
block bootstrap over target dates uses 10,000 replicates and block lengths of 7, 14, and
28 dates, the primary block length is 14, and differences are defined as proposed minus
baseline, to avoid interpreting a non-significant result as evidence of practical equiva-
lence, confidence intervals are reported alongside explicit analysis margins, following
the general distinction between null-hypothesis testing and equivalence reasoning [38].
The declared margins are £0.10 °C for RMSE and MAE and +0.05 for Gaussian
NLL. They are study-specific interpretation thresholds rather than externally vali-
dated operational tolerances: 0.10 °C is approximately 3.4% of the baseline test RMSE
on this track, while the NLL margin is treated only as a small analysis-scale change
relative to the observed NLL level. No formal two-one-sided equivalence test is per-
formed; an interval lying inside these margins is therefore described as consistent with
practical closeness, not as proof of statistical equivalence.

Physical-response consistency is evaluated by increasing built-up and impervious
fractions and decreasing vegetation fraction by perturbations § € {0.01,0.05,0.10},
holding the remaining inputs fixed, the structured residual and complete predictor
are evaluated separately, frozen-checkpoint interventions remove or scale structured
components without retraining; independently retrained mean-only and variance-only
models provide a complementary mechanism test.

5.4 Uncertainty, transfer, and secondary holdout

Probabilistic performance is assessed through Gaussian NLL, CRPS, calibration error,
interval width, and interval score on the complete 2023 test set and on the top 10% and
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top 5% hottest targets, leave-one-city-out experiments test transfer to a completely
unseen city, a sentinel-clean reconstruction of 2022 yields 1,779 valid sequences and is
used only as a secondary post-hoc holdout because it is selective and city-imbalanced.

6 Results

6.1 Data retention and reproducibility

Table 3 summarizes the verified lineage, sentinel cleaning changes the daily-row count
but leaves every canonical forecasting sequence exactly unchanged, the retained 440-
cell panel is verified, whereas the historical upstream 2,074- and 1,429-cell stages
cannot be reconstructed from the available artifacts, within the retained cells, 275
contribute to the selective 2022 holdout and 165 do not, the largest standardized
difference between these two within-retained groups concerns 2022 LST availability
(SMD 1.566); the largest static differences are substantially smaller (absolute SMDs
approximately 0.35-0.41).

Table 3 Verified data lineage and canonical benchmark counts.

Statistic Value
Merged daily rows 964,040
Legacy target-clean rows 370,780
Sentinel-clean v2 rows 365,500
Removed invalid target sentinel rows 5,280
Verified retained cells 440
Canonical sequences 24,902
Training / validation / test 14,917 / 4,008 / 5,977
Canonical legacy-v2 equivalence Exact

6.2 RMSE-selected six-model predictive benchmark

All six models in Table 4 use the same 4,008 validation targets and 5,977 test targets,
the same five random seeds, the same physical-unit RMSE and MAE definitions, and
minimum validation RMSE checkpoint selection. The probabilistic dynamic+static
baseline achieves the lowest mean test RMSE and MAE.

The full proposed model achieves the second-lowest mean test RMSE and the third-
lowest mean test MAE, while MTGNN-style attains the second-lowest mean MAE.
STGCN-style is less accurate than the recurrent models, while PatchTST-style and
TimesNet-style are weaker in the short seven-day dynamic-only setting used here.
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Table 4 Definitive RMSE-selected five-seed point benchmark on the canonical cohort. Values
are mean + sample SD; lower is better. Seed SD describes optimization variability, not a
confidence interval.

Model Parameters Val RMSE Val MAE Test RMSE Test MAE RMSE rank MAE rank
Prob. 23,426 2.668 £ 0.100 2.063 £ 0.061 2.998 + 0.043 2.313 + 0.017 1 1
dynamic+static

baseline

Full proposed 32,720 2.664 + 0.121 2.058 + 0.073 3.034 + 0.119 2.349 + 0.090 2 3
Aligned MTGNN- 39,553 2.809 + 0.037 2.123 £+ 0.045 3.055 + 0.109 2.327 + 0.092 3 2
style

Aligned STGCN-style 25,473 2.801 + 0.095 2.168 £ 0.052 3.087 &+ 0.024 2.406 + 0.023 4 4
Aligned PatchTST- 106,113 3.147 £+ 0.119 2.431 £ 0.046 3.365 + 0.109 2.686 + 0.109 5 6
style

Aligned TimesNet- 99,841 3.041 £ 0.102 2.361 £ 0.122 3.523 + 0.150 2.668 £ 0.150 6 5
style

Figure 10 provides the corresponding visual comparison of test RMSE and MAE,
with across-seed variability shown descriptively by sample-standard-deviation error
bars.

RMSE-selected six-model comparison on the identical 2023 test cohort (n=5,977)

N RMSE
. MAE

Baseline

Proposed

MTGNN-style

STGCN-style

PatchTST-style

TimesNet-style

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
Error (°C; mean + sample SD across five seeds)

Fig. 10 RMSE-selected test RMSE and MAE on the identical canonical 2023 target cohort (n =
5,977). Error bars denote sample standard deviation across five training seeds.

The four aligned references retain exact per-seed runtime measurements. Across
five seeds, STGCN-style required approximately 275 s of training and 25 s of eval-
uation, MTGNN-style 268 s and 34 s, PatchTST-style 3,506 s and 204 s, and
TimesNet-style 2,278 s and 158 s, respectively, on the available Apple MPS environ-
ment. Baseline and proposed runtimes were not recorded in their official artifacts, so
no complete six-model speed ranking is made.

6.3 Paired baseline—proposed inference on the original
NLL-selected track

Table 5 reports the original validation-Gaussian-NLL-selected paired moving-block
bootstrap, the 95% intervals for RMSE and Gaussian NLL include zero, whereas the
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MAE interval is entirely positive and favors the unconstrained baseline by 0.0336 °C.
The complete intervals for all three metrics remain within the declared study-specific
practical-closeness margins, with the same qualitative pattern for block lengths of 7,
14, and 28 dates.

Table 5 Paired city-stratified moving-block bootstrap on the original

validation-Gaussian-NLL-selected 2023 predictions (proposed minus baseline; 10,000
replicates; primary block length 14 dates).

Metric Difference  95% CI low 95% CI high p Interpretation
RMSE 0.0120 -0.0207 0.0325 0.702 CI includes 0
MAE 0.0336 0.0106 0.0550 0.003 Baseline lower
Gaussian NLL 0.0063 -0.0121 0.0161 0.779 CI includes 0

The proposed model supports an accuracy—consistency interpretation, with the
MAE difference.

6.4 Directional consistency and mechanism evidence

The structured mean residual satisfies the prescribed directions for 100% of evaluated
test perturbations at 6 = 0.01, 0.05, and 0.10, the complete predictor is not globally
monotone because the unconstrained base branch can oppose the residual, at the
primary 6 = 0.05, complete-predictor consistency increases from 35.28% to 42.87% for
built-up fraction, from 51.50% to 61.90% for impervious fraction, and from 42.65%
to 67.33% for vegetation, built-up consistency remains below 50%, which is reported
explicitly rather than hidden by the exact residual result.

Table 6 reports the independently retrained structural ablations on the same canonical
test cohort.

Table 6 Retrained structural ablations and complete-predictor directional consistency at
6 = 0.05.

Model RMSE MAE NLL CRPS Built-up Impervious Vegetation
Baseline 2.9755 2.2936 2.5425 1.6493 35.28% 51.50% 42.65%
Full proposed 2.9876 2.3272 2.5488 1.6631 42.87%  61.90% 67.33%

Mean-structure only 2.9722 2.3049 2.5496 1.6504 37.43% 52.78% 59.22%
Variance-structure only 2.9751 2.2985 2.5440 1.6516 35.73% 52.10% 46.96%

Figure 11 visualizes the corresponding complete-predictor directional-consistency
rates for the baseline, full proposed model, and independently retrained structural
ablations.
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100 Complete-predictor directional consistency at perturbation 6=0.05
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Fig. 11 Complete-predictor directional consistency for the independently retrained models.

The retrained mean-only model remains numerically close to the baseline on
RMSE, MAE, NLL, and CRPS while improving directional consistency by 2.15, 1.28,
and 16.57 percentage points for built-up, impervious, and vegetation responses.

The full model shows larger directional-consistency gains than mean-only, but it also
has slightly higher RMSE, MAE, and CRPS, because no separate inferential test was
performed for these ablation contrasts, the comparison is reported descriptively.
Frozen-checkpoint interventions provide a complementary decomposition, relative to
the embedded base branch, the full structured mean raises directional consistency by
approximately 10.51, 11.05, and 24.03 percentage points while incurring a 0.0346 °C
MAE penalty, removing or scaling individual mean terms changes only the correspond-
ing physical response, increasing the mean-residual scale from zero to one produces
a smooth increase in all three consistency measures and a gradual MAE increase
(Figure 12).
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Frozen-checkpoint accuracy-physical-consistency trade-off
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Fig. 12 Frozen-checkpoint scaling diagnostic.
6.5 Uncertainty calibration and extreme heat

On the full test set, the baseline and proposed models have similar calibration
summaries (Table 7), the proposed model has slightly lower mean and maximum cal-
ibration error, but its intervals are wider and its interval score, CRPS, and NLL are
slightly worse.

Table 7 Full-test probabilistic summary. Lower is better except interval
width, which measures sharpness rather than accuracy.

Model Mean CE Max CE Norm. width Int. score CRPS NLL

Baseline 0.0230  0.0419 0.3000 10.8730 1.6493 2.5425
Proposed 0.0220 0.0370 0.3059 10.8873 1.6631 2.5488

The proposed intervals are wider by approximately 0.145, 0.186, and 0.221 °C at
nominal 80%, 90%, and 95% levels, in the hottest subsets, both models under-cover,

and the baseline is consistently better on calibration error, interval score, CRPS, and
NLL (Table 8).
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Table 8 Probabilistic performance on the hottest test targets.

Subset Model Mean cal. error Interval score CRPS NLL

Top 10%  Baseline 0.166 14.59 2.391 2.966
Proposed 0.186 15.29  2.501  3.030
Top 5% Baseline 0.268 19.32 2.945 3.363
Proposed 0.290 20.26  3.068  3.437

Figure 13 summarizes the CRPS pattern across the full test cohort and the two
hottest target subsets.

Probabilistic accuracy deteriorates in the hottest subsets

mm Baseline
3.09 mm Proposed

2.54

CRPS (lower is better)
= N
w» o

Iy
o

0.51

0.0 -

Full test Top 5% hottest

Top 10% hottest

Fig. 13 CRPS on the complete test set and the hottest subsets.

6.6 City heterogeneity and transfer

Under pooled training, the five-seed baseline/proposed mean RMSEs are 3.483/3.509
in Casablanca, 2.872/2.883 in Marrakech, and 2.750/2.754 in Tangier, the proposed
model is therefore not clearly stronger in any pooled city after the matched-seed
correction, although the differences in Marrakech and Tangier are small.

The leave-one-city-out stress test is mixed (Table 9), the proposed model is close to the
baseline for Casablanca and Marrakech and has slightly lower NLL for Casablanca, but
it is clearly weaker when Tangier is unseen, within-city pooled performance therefore
cannot be interpreted as transfer capability.
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Table 9 Leave-one-city-out transfer to the unseen city.

Held-out city Model n RMSE MAE NLL

Casablanca Baseline 1,350  3.560 2.890  2.982
Proposed 1,350  3.596 2.930 2.969
Marrakech Baseline 2,219  3.361 2.601  2.790
Proposed 2,219  3.363 2.602  2.795
Tangier Baseline 2,408 3.135 2.375 2.645
Proposed 2,408  3.419 2.602  2.669

Figure 14 visualizes the leave-one-city-out RMSE comparison and highlights the
larger transfer degradation when Tangier is held out.

Leave-one-city-out transfer to the unseen city
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Fig. 14 Leave-one-city-out RMSE.

6.7 Secondary 2022 holdout

The sentinel-clean 2022 reconstruction contains 1,779 valid sequences: 96 from
Casablanca, 697 from Marrakech, and 986 from Tangier, only 275 of the 440 retained
cells contribute, and the dates are selective rather than year-round.

The holdout is therefore secondary and post hoc, not a replacement for the 2023 pri-
mary test, the baseline and proposed results are close: RMSE 3.0876 + 0.0292 versus
3.1043£0.0458, MAE 2.4178+0.0151 versus 2.4338+0.0319, and NLL 2.6654 +0.0671
versus 2.6647 £ 0.0490, both models under-cover, and the analysis does not identify a
meaningful winner.
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7 Discussion

7.1 What the aligned benchmark establishes

The corrected benchmark changes the evidential status of the comparative claims.
Earlier journal-origin and graph-family results were obtained on a broader masked
graph cohort and cannot support direct ranking against the canonical recurrent mod-
els. After alignment, all six main models predict the same 5,977 test observations
and use minimum validation RMSE checkpoint selection. Under this point-benchmark
protocol, the probabilistic dynamic+static baseline is the strongest point-accuracy
model, while the proposed model ranks second on mean RMSE and third on mean
MAE; MTGNN-style ranks second on mean MAE. The original validation-Gaussian-
NLL-selected recurrent track is kept separate and is used for paired dependence-aware
inference and probabilistic analyses.

The aligned graph/spatial and temporal models provide useful reference points
rather than claims about the original published architectures under exhaustive tuning.
MTGNN-style is competitive on MAE, STGCN-style is less accurate than the recur-
rent models, and the PatchTST-style and TimesNet-style implementations are weaker
in this seven-day dynamic-only setting. Seed standard deviations are reported descrip-
tively as optimization variability and are not used for inferential ranking. Because these
are compact style implementations with frozen configurations, the findings should not
be generalized to longer histories, alternative tuning budgets, additional static inputs,
or official reproductions.

7.2 Physical structure as an explicit trade-off

The principal positive result is mechanistic rather than rank based, the structured
residual satisfies the prescribed directions exactly and improves the complete predic-
tor’s response consistency, especially for vegetation and imperviousness, the complete
model nevertheless remains non-monotone because the base branch receives all static
variables, built-up consistency remains below 50%, showing that the residual correc-
tion is not strong enough to override the base response in most built-up perturbations,
this limitation is important: the model adds a directionally structured component, but
it does not convert the entire forecaster into a shape-constrained network.

Frozen interventions and independent retraining support a coherent mechanism inter-
pretation, the mean residual accounts for most of the physical-response gains, and
scaling it produces a smooth accuracy—consistency frontier, the variance residual
provides no demonstrated empirical advantage, the mean-only retrained model has
slightly lower mean RMSE than the baseline on the preserved NLL-selected track, but
those aggregate values are used only as a mechanism diagnostic; no new primary model
is selected from the post-hoc ablations, the full proposed configuration remains the
pre-specified primary structured model and provides the largest complete-predictor
directionality gains.

This positioning also clarifies the relationship to general monotonic and knowledge-
guided learning, fully shape-constrained architectures can guarantee monotonicity of
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the complete mapping for selected variables [16, 17], by contrast, the present resid-
ual design intentionally leaves the base model unconstrained, its benefit is therefore
not a stronger theoretical guarantee; it is the ability to introduce a transparent direc-
tional correction into an existing probabilistic recurrent forecaster and then quantify
the resulting predictive cost and response-consistency benefit.

7.3 Probabilistic and hot-tail limitations

Full-test calibration summaries are slightly lower for the proposed model on mean and
maximum calibration error, but its intervals are wider and its proper scores are not
improved, these descriptive differences do not establish a general uncertainty advan-
tage, in the hottest 10% and 5% of targets, the proposed model is consistently worse
on the reported probabilistic diagnostics and both models under-cover, the probabilis-
tic architecture should therefore be described as producing an evaluable predictive
distribution, not as improving hot-tail reliability or calibration, tail-aware objectives,
quantile models, conformal methods, and city-specific recalibration are natural exten-
sions, but they require prospective evaluation rather than post-hoc tuning on the
current test set.

7.4 Data and external-validity limitations

The study covers only three Moroccan cities and 440 quality-filtered cells with unequal
city representation, the upstream transition from the historical 2,074 initial and 1,429
candidate cells to the verified 440-cell panel cannot be reconstructed because stage-
specific identifiers and exclusion records are unavailable, the 2022 holdout is selective
and city-imbalanced, and all sequence observations remain spatiotemporally corre-
lated, cross-city transfer is particularly weak for Tangier, these limitations constrain
claims about national representativeness and deployment under distribution shift.
The aligned contemporary models are compact style implementations with frozen con-
figurations, not official reproductions or exhaustive tuning exercises, they use the same
targets, seeds, checkpoint criterion, and point metrics, but the graph and temporal
references omit the six static features used by the recurrent models.

The benchmark therefore establishes exact target comparability, not equal informa-
tion content or equal optimization budgets, similarly, historical hardware and software
details are incomplete for the recurrent runs, so reproducibility is strongest at the level
of retained code, configurations, cohort hashes, checkpoints, and outputs rather than
full computational-environment recreation.

7.5 Implications and future work

The evidence supports the use of physically structured probabilistic forecasting when
directional response behavior is itself a scientific objective and a small point-accuracy
cost is acceptable, future work should recover or rebuild an auditable upstream spatial-
cell selection ledger, extend the panel to additional Moroccan climates and years,
evaluate richer urban morphology and local climate zones, and develop city-adaptive
or hierarchical transfer, a base branch that excludes the constrained variables would
permit exact end-to-end directional guarantees, bringing the architecture closer to fully
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shape-constrained learning, tail-aware probabilistic objectives and formal recalibration
should be evaluated on pre-specified future periods rather than repeatedly inspected
test subsets.

8 Conclusion

This study evaluates knowledge-guided probabilistic next-day LST forecasting in
Casablanca, Marrakech, and Tangier, a sentinel-clean audit verifies 365,500 valid daily
target observations from 440 retained cells and exactly reproduces 24,902 canon-
ical chronological forecasting sequences, the six-model point benchmark is aligned
on target cohort, seeds, physical-unit point metrics, and minimum validation RMSE
checkpoint selection.

The probabilistic dynamic+static baseline is the strongest point-accuracy model, with
the lowest mean test RMSE and MAE, the proposed model ranks second in RMSE and
third in MAE, on the separately preserved validation-Gaussian-NLL-selected recur-
rent track, the 95% paired moving-block-bootstrap intervals include zero for RMSE
and Gaussian NLL, while MAE favors the baseline by 0.0336 °C, all three intervals
fall inside the declared study-specific practical-closeness margins, which is reported as
descriptive evidence of closeness rather than a formal equivalence-test result, the struc-
tured mean residual nevertheless satisfies its directional design exactly and improves
complete-predictor consistency, most strongly for vegetation and imperviousness, no
general calibration, hot-tail, or cross-city advantage is established.

The contribution is therefore an evidence-bounded demonstration that directional
prior structure can be added to a strong probabilistic urban-heat forecaster while
explicitly measuring its predictive cost, response-consistency benefit, and uncer-
tainty limitations, the work does not claim a new general monotonic-learning
theory, complete-predictor monotonicity, national representativeness, or predictive and
uncertainty superiority.
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Appendix A Historical different-cohort context

The reproducibility audit identified 13 completed historical forecasting references eval-
uated on the broader masked graph-target cohort (185,210/61,620/64,012 targets)
rather than the canonical sequence cohort (14,917/4,008/5,977 targets), the canon-
ical targets are a strict subset of the graph cohort, these historical metrics remain
useful for implementation debugging and contextual sensitivity, but they are not
included in the main numerical ranking and are not used to claim that the proposed
model outperforms journal-origin or modern forecasting families; the aligned STGCN-
style, MTGNN-style, PatchTST-style, and TimesNet-style experiments replace those
cross-cohort comparisons in the main paper.

Appendix B Frozen mean-residual scaling diagnostic

Table B1 reports the complete frozen-checkpoint mean-residual scaling values under-
lying the mechanism diagnostic discussed in the main text.

Table B1 Frozen-checkpoint mean-residual scaling diagnostic. The scale was
not selected using the test set.

Scale Test RMSE Test MAE  Built-up Impervious Vegetation

0.00 2.9730 2.2926 32.37% 50.86% 43.29%
0.25 2.9744 2.2991 34.74% 53.22% 49.07%
0.50 2.9774 2.3071 37.35% 55.89% 55.38%
0.75 2.9817 2.3165 40.11% 58.76% 61.38%
1.00 2.9876 2.3272 42.87% 61.90% 67.33%
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