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Keywords Abstract

Urban  thermal  heterogeneity; Urban thermal heterogeneity in semi-arid environments is shaped by nonlinear
Local Climate Zones; spatial interactions between surface energy balance, three-dimensional morphology, and
econometrics; uncertainty land cover dynamics, yet existing studies typically treat land surface temperature
propagation; semi-arid climate; (LST) as a deterministic, error-free pixel value while ignoring spatial dependence
and compounded uncertainties. This study reframes urban thermal heterogeneity

as a spatially autocorrelated, uncertainty-perturbed manifestation of the surface

land surface temperature

energy balance under heterogeneous morphological boundary conditions. We
integrate Local Climate: Zone (LCZ) taxonomy, spatial econometrics (spatial
error and spatial lag models), and nested Monte Carlo block bootstrap uncertainty
propagation (B=1,000) to examine housing morphology LST associations in Ain
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Smara, a semi-arid urban system in northeastern Algeria, using Landsat and

Copyright @Author Sentinel-2 imagery (2013 - 2023). Results show that collective housing is
Corresponding Author: * associated with 2.5°C higher LST than individual housing (95% CI: 1.7 - 3.3)
Mellak Dib after spatially-aware propensity score matching, with contrasts largest in the

urban core. Mediation analysis reveals that NDVI (50%) and sky view factor
(38%) dominate the morphological contrast, while albedo plays a minor role
(17%). Spatial dependence is substantial (global Moran's I = 0.67), and ignoring
it underestimates standard errors by approximately 40%. Uncertainty is
dominated by spatial bootstrap (48%) and downscaling residuals (32%), not
retrieval errors. Qur integrated framework moves beyond deterministic
"morphology drives LST" narratives toward a probabilistic, spatially explicit, and
uncertainty-aware conceptualization, providing robust inference for urban heat
mitigation in data-scarce regions of the Global South.

1. Introduction latent heat flux, shifting the surface energy budget
Urban thermal heterogeneity in semi-arid toward sensible and ground heat storage, which
environments arises from nonlinear interactions makes land surface temperature  (LST)

between surface energy balance processes, exceptionally sensitive to changes in vegetation

three-dimensional urban morphology, and land
cover dynamics. In water-limited settings such as
northeastern Algeria, low soil moisture constrains

cover, albedo, and building density (Oke et al.,
2021; Bouzenoune et al., 2024). Rapid urban

expansion in cities like Ain Smara has
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progressively replaced individual dwellings with
collective housing blocks, fundamentally altering
the local surface energy balance. However, most
existing studies treat LST as a deterministic,
error-free pixel value, ignoring compounded
uncertainties ~ from  retrieval  algorithms,
downscaling  procedures, and atmospheric
corrections (Liang et al., 2024). Furthermore,
urban thermal fields exhibit strong spatial
autocorrelation nearby pixels share similar surface
properties and microclimatic histories violating
the independence assumption of ordinary least
squares and inflating type I error rates (Anselin &
Rey, 2023). These limitations have produced
overconfident claims about morphology-LST
relationships, particularly in data-scarce regions of
the Global South.

To address these gaps, we adopt the Local Climate
Zone (LCZ) framework as a conceptual bridge
between urban morphology and climatic response
(Stewart & Oke, 2012). Each LCZ is defined by
measurable parameters building height, sky view
factor, surface cover fractions, and thermal
admittance that directly influence the partitioning
of net radiation. Compact built LCZs (e.g., LCZ 2
- 3) trap longwave radiation, enhance heat storage,
and reduce turbulent exchange, whereas open
LCZs (e.g., LCZ 6 - 8) allow greater nocturnal
cooling and higher evapotranspiration. Recent
applications in semi-arid contexts have confirmed
that built-type LCZs consistently exhibit higher
LST than non-built classes, and that landscape
pattern indices explain substantial fractions of
intra-LCZ thermal variation (Ramezani et al.,
2024; Zhang et al., 2025). Nevertheless, LCZ
classification itself carries uncertainty, especially in
semi-arid zones where spectral confusion between
bare soil and built surfaces is pronounced. Most
studies treat LCZ classes as deterministic
predictors rather than probabilistic assignments,
compounding the general neglect of uncertainty
propagation.

Our theoretical framework integrates two
complementary lenses. The physical lens combines
surface energy balance theory with LCZ taxonomy,
positing that housing morphology alters LST
through systematic changes in sky view factor,

albedo, vegetation cover, and thermal inertia. In
collective housing (LCZ 2 - 3), reduced sky view
factor traps outgoing longwave radiation, high
building density enhances ground heat storage,
and limited vegetation lowers latent heat flux,
shifting energy toward sensible heat (Oke et al.,
2021; Khamis & Abdellatif, 2025). Conversely,
individual housing (LCZ 6 - 8) typically features
higher sky view factor, more vegetation, and lower
thermal mass, promoting cooler surface
temperatures. The physical lens thus provides a
mechanism-based  interpretation:  collective
housing is associated with higher LST because it
systematically alters surface energy balance
components.

The statistical inference lens jointly treats spatial
dependence and uncertainty  propagation.
Following Anselin and Rey (2023), we model LST
as a spatially autocorrelated stochastic process
using spatial error and spatial lag specifications.
Spatial dependence is treated as a first-order
structure rather than a nuisance (Hu et al., 2024).
Simultaneously, =~ we  propagate  pixel-wise
uncertainties  from  emissivity  estimation,
atmospheric  correction, and  downscaling
residuals through a nested Monte Carlo block
bootstrap procedure (Liang et al., 2024). This dual
treatment ensures that confidence intervals for the
morphology-LST  association  reflect  both
measurement uncertainty and spatial dependence
an integration that, to our knowledge, has not
been previously implemented in urban thermal
studies. The central reframing claim is that urban
thermal heterogeneity is not a deterministic
function of urban form but a spatially
autocorrelated, uncertainty-perturbed
manifestation of the surface energy balance under
heterogeneous morphological boundary
conditions. This unified framework moves beyond
deterministic “morphology drives LST” narratives
toward a probabilistic, spatially explicit, and
uncertainty-aware conceptualization, providing
robust inference for the housing morphology LST
contrast in Ain Smara, Algeria.

https://thesesjournal.com

| Dib & Dhimal, 2025 |

Page 715


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 3, Issue 11, 2025

2.4 Conceptual model diagram (Figure 1)

Figure 1 presents the integrated two-layer
framework guiding this study. The physical layer
links the surface energy balance (R,, = H + LE +
G + Qp) to Local Climate Zone taxonomy (LCZ
2-3 vs. LCZ 6-8). Housing morphology alters the
boundary conditions of the energy balance
through changes in sky view factor, albedo,
vegetation, and thermal inertia. The statistical

inference layer jointly treats spatial dependence
(global Moran's I = 0.67; spatial error and spatial
lag models) and uncertainty propagation via
nested Monte Carlo block bootstrap. The output
is a robust, uncertainty-aware estimate of the
average treatment effect on the treated (ATT) with
confidence intervals that reflect both spatial
structure and measurement uncertainty

Figure 1: Conceptual model — two integrated layers

Physical Layer

[Muenc

Surface Energy Balance @ > Local Climate Zones

R.—H+LE+G+Q_F LCZ 2-3 vs. LCZ 6-8
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3. Materials and Methods

3.1 Study Area and Rationale

The study was conducted in Ain Smara (36°16'N,
6°30'E), a semi-arid urban system in northeastern
Algeria, located 15 km southeast of Constantine.
The city experiences a Mediterranean climate with
continental influence: hot, dry summers (mean
maximum 36 °C) and cool, wet winters (annual
precipitation ~ 420 mm). Over the past decade,
rapid urban expansion has transformed the urban
fabric from low-density individual housing
(single-family dwellings with gardens) to compact
collective housing (3 - 5 storey apartment blocks).
This morphological transition provides an ideal
setting to examine the association between urban
form and land surface temperature (LST) under
water-limited, high-radiation conditions. The
registered population in 2023 was approximately
35,000. Informal settlements (bidonwilles) exist on
the urban periphery but were excluded due to the
lack of a spatially consistent sampling frame. All
findings are strictly associational and apply only to
registered housing within the study domain.

Statistical Inference Layer

Spatial Dependence Uncertainty Propagatior

Moran's 1 =0.67 Monte Carlo
SEM 7 SAR | Block Bootstrap

Robust Inference
(ATT + CT)

3.2 Satellite Data and Preprocessing

We acquired Landsat 8 (2013 and 2018) and
Landsat 9 (2023) Collection 2 Level-2 thermal data
(band 10, 100m resampled to 30m) and
Sentinel-2 MSI Level-1C optical imagery (bands 4
and 8, 10 m spatial resolution). Three cloud-free
summer scenes were selected: 15 June 2013, 18
June 2018, and 22 June 2023 (cloud cover <5%).
Sentinel-2 images were acquired within +2 days of
each Landsat overpass and were co-registered to
Landsat with a root-mean-square error (RMSE)
<0.2 pixels. Atmospheric correction for Sentinel-2
was performed using the Dark Object Subtraction
method (Chavez, 1996). The Normalized
Difference Vegetation Index (NDVI) was
computed at 10 m as (NIR—RED)/(NIR+RED).
For the 2013 pre-Sentinel-2 period, NDVI was
resampled from Landsat 30 m data using bilinear
interpolation. The Normalized Difference
Builtup Index (NDBI) and broadband albedo

(Tasumi, 2019) were also derived from Sentinel-2.

https://thesesjournal.com

| Dib & Dhimal, 2025 |

Page 716


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 3, Issue 11, 2025

NDBI maps are provided in Appendix Figure B1
for completeness, but are not used in the main
analysis.

3.3 LST Retrieval and Downscaling

LST at 30 m resolution was retrieved from Landsat
band 10 using the generalized single-channel
algorithm (JiménezMunoz & Sobrino, 2014),
which corrects top-of-atmosphere brightness
temperature for atmospheric effects using water
vapor content from NCEP reanalysis. Land surface
emissivity was estimated via the NDVI-threshold
method (Sobrino & Irakulis, 2016): € = 0.96 for
NDVI <0.2 (bare soil), € = 0.99 for NDVI >0.5 (full
vegetation), and linear interpolation for
intermediate values.

To obtain LST at the same spatial resolution as
Sentinel-2 NDVI (10 m), we applied the DisTrad
algorithm (Gitas & Mitri, 2020). The procedure
involves: (1) aggregating 10 m NDVI to 30 m; (2)
regressing 30 m LST against 30 m NDVI; (3)
interpolating residuals to 10m using bilinear
interpolation; and (4) predicting 10 m LST as:
LSTi0 = a-NDVI;g + b + &49. DisTrad was
benchmarked against Random Forest and a hybrid
method using 10-fold spatial block cross-validation
(200 m blocks). DisTrad was retained for primary
analysis due to its lower residual spatial
autocorrelation (Moran’s 1 residuals = 0.07 wvs.
0.12 for RF) and physical interpretability.

3.4 Ground Validation and LCZ Classification
Field measurements were collected in June 2023
(20 - 25 June) at 50 stratified random points using
a handheld infrared radiometer (Fluke 62 Max+,
€=0.95, distance 1 m). Global validation yielded
RMSE = 1.3°C (95% bootstrap CI: 1.1 - 1.6 °C)
and mean bias error = —0.2 °C. A stratified subset
in collective housing (n=10) gave an exploratory
RMSE of 1.5 °C.

We performed a semi-automated Local Climate
Zone (LCZ) classification (Demuzere et al., 2021)
using Sentinel-2 spectral metrics (NDVI, NDBI,
albedo) and SRTM-derived morphological metrics
(relative height, texture variance). A random forest
classifier (200 manually labeled pixels, 500 trees)
was used for six LCZ classes (2, 3,6,8, B, D).

Overall accuracy was 71% (Cohen’s k=0.65). LCZ
was used primarily for contextual stratification,
not as a formal predictor in the main econometric
models.

3.5 Uncertainty Propagation and Spatial
Econometrics

To move beyond deterministic LST estimates, we
implemented a nested Monte Carlo block
bootstrap procedure (B=1,000). Monte Carlo
simulations (1,000 realizations per pixel) sampled
from independent error distributions for
emissivity (N (0,0.01)), atmospheric correction
(Uniform #2%), and downscaling residuals (N
(0,1.69)). Spatial dependence was preserved using
block bootstrap with 200 m blocks (based on
variogram  range). Variance decomposition
separated contributions of emissivity, atmosphere,
downscaling, and spatial bootstrap.

Given strong spatial autocorrelation (global
Moran’s I = 0.67, p<0.001), we estimated spatial
error (SEM) and spatial lag (SAR) models with
queen contiguity weights. The SEM was selected
based on AIC (2216 vs. 2245 for SAR and 2500
for OLS). Ordinary least squares underestimation
of standard errors was quantified (T40%
narrower).

3.6 Spatially-Aware Propensity Score Matching

The association between housing typology
(collective vs. individual) and LST was estimated
using propensity score matching (PSM) within
spatial blocks (200m) to reduce confounding
(Papadogeorgou et al., 2023). Covariates included
NDVI, impervious fraction, building age, distance
to forest, elevation, and LCZ class. Matching was
1:1 nearest-neighbor with a caliper of 0.2 standard
deviations of the logit propensity score. Sensitivity
to unobserved confounding was assessed with
Rosenbaum bounds (' = 1.6). Robustness was
checked using alternative spatial weights matrices,
block sizes (100 m, 300 m), downscaling methods,
and treatment definitions (LCZ-based). All
p-values were adjusted for multiple comparisons
using the Benjamini-Hochberg false discovery rate

(g=0.05).
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4. Results

4.1 Spatiotemporal LST and NDVI

Figures 2-4 present the spatial distribution of land
surface temperature (LST) and the Normalized
Difference Vegetation Index (NDVI) across Ain
Smara for the three study years (2013, 2018,
2023).Over this decade, minimum LST increased
from 25.2°C in 2013 to 28.2°C in 2023, a
descriptive warming of +3.0°C. Concurrently,

mean NDVI declined from 0.190 to 0.145,

indicating progressive vegetation loss. The
bivariate correlation between NDVI and LST was
strongly negative: Pearson’s = —0.83 (95% CI:
—0.85 to —0.81; adjusted p< 0.001). This
supports H1 (vegetation cooling effect). Global
Moran’s [ for LST was 0.67 (p< 0.001),
confirming strong spatial autocorrelation and
justifying the use of spatial econometric models.

< L
Figure 1b: Map Normalized Difference Vegetation Index (NDVI) in e
& ;.- Ain Smara 15 June 2013 (Landsat 8, 30 m resolution) gara

LsT2013
P 25, 230854
B 25,5558

Figure 2a: Map land surface temperature (LST) in Ain
Smara 15 June 2013 (Landsat 8, 30 m resolution)
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Figure 2a: Map land surface temperature (LST) in Ain
Smara 18 June 2018 (Landsat 8, 30 m ).

Figure 3a: Map land surface temperature (LST)

in Ain Smara 18 June 2018 (Landsat 8, 30 m). Figure 3b: Map Normalized Difference Vegetation Index

{NDVI}in Ain Smara 18 June 2018 (Landsat 8, 30 m ).

v
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Figure 4b: Map Normalized Difference Vegetation Index
(NDVI} in Ain Smara 22 June 2023 (Landsat 8,30m).

Figure 4a:Map land surface temperature (LST)
in Ain Smara 22 June 2023 (Landsat 8,30m).

4.2 Spatial Dependence Diagnostics define block size (200 m x 200 m) for the spatial
The spatial correlogram (Figure 5) shows that block bootstrap. The variogram range (180 220 m)
Moran’s I decays from 0.67 at 100 m to near zero further confirmed that spatial dependence is a
at approximately 220 m. This distance was used to first-order structure in the urban thermal field, not

a nuisance artifact.
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Figure 5: Moran's correlogram - spatial autocorrelation decay

4.3 Spatial econometric results

Model Coefficient (°C) 95% CI AIC Moran’s I (residuals)
OLS 3.1 2.5-3.7 2500 0.34

SEM 2.1 1.4-2.8 2216 0.03 (ns)

SAR 1.9 1.2-2.6 2245 0.04 (ns)

Table 1 compares ordinary least squares (OLS),
spatial error model (SEM), and spatial lag model
(SAR). The SEM provided the best fit (AIC = 2216)
and reduced residual spatial autocorrelation to
non-significance (Moran’s I = 0.03, *p* = 0.28).
The spatial error coefficient A was 0.74, indicating
strong residual dependence. OLS standard errors
were underestimated by approximately 40%
compared to SEM, leading to artificially narrow
confidence intervals. These findings support H3

4.4 Housing Morphology Contrast and Spatial
Heterogeneity

The crude (unadjusted) LST difference between
collective and individual housing was 3.1 °C (95%
CI: 2.6-3.6). After spatially-aware propensity score
matching with nested Monte Carlo-block
bootstrap, the average treatment effect on the
treated (ATT) was 2.5 °C (95% nested bootstrap
CI: 1.7-3.3). After 1:1 nearest-neighbor matching
within 200 m blocks (caliper = 0.2 SD of the logit

propensity score), we retained 412 matched pairs

(824 pixels) from an initial pool of 1,240 treated
(collective) and 2,180 control (individual) pixels.
Covariate balance improved substantially: the
median absolute standardised mean difference
(SMD) decreased from 0.31 (pre-matching) to 0.07
(post-matching). Detailed covariate balance before
and after matching is reported in Appendix Table
AQ. This attenuated but still positive effect
supports H2 (morphology contrast). Figure
6 maps the pixelwise LST difference (collective
minus individual) across Ain Smara. The urban
core exhibits the largest contrasts, ranging from
2.8°C to 3.5°C, while peripheral areas show
narrower differences of 1.2-2.0°C. This spatial
heterogeneity ~ suggests that the thermal
disadvantage of collective housing is amplified in
densely built, compact zones where sky view
factors are lowest and heat trapping is most severe.
The robustness of the ATT was confirmed across
multiple specifications (Appendix Table Al),
including alternative spatial weights matrices,
block sizes, and downscaling methods.
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Figure 6: Pixel-wise LST difference (Collective - Individual) °C

4.5 Variance Decomposition and Heteroscedastic Uncertainty

60 1
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—8- Global
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== Individual Housing

24%

r
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Downscaling Residuals Other

Note: "Other" combines emissivity and atmospheric correction.
Downscaling uncertainty is significantly higher in collective housing zones (p = 0.02).

Figure7: Variance Decomposition of Total Uncertainty in ATT Estimate Line Graph Comparison.

Figure 7 presents the variance decomposition of
total uncertainty in the ATT estimate. Globally,
the contributions were: spatial bootstrap 48%,
downscaling residuals 32%, emissivity 12%, and
atmospheric correction 8%. In collective housing
zones (high-density areas), the downscaling

contribution increased to 41%, while the spatial
bootstrap contribution remained dominant (45%).
This heteroscedasticity supports H4 (downscaling
uncertainty is larger in high-density zones). The
difference in downscaling contribution between
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collective and individual housing zones was
statistically significant (p = 0.02).

4.6 Local Climate Zone Classification Results
Table 2: LCZ classification performance metrics

LCZ class Sensitivity Specificity Precision Fl-score Support (n)
2 0.68 0.96 0.72 0.70 50

3 0.64 0.95 0.66 0.65 45

6 0.74 0.93 0.70 0.72 40

8 0.80 0.97 0.82 0.81 35

B (bare) 0.70 0.98 0.85 0.77 20

D (water) 0.69 0.99 0.88 0.77 10

Overall Accuracy = 0.71 k =0.65 200

The semi-automated LCZ classification (Table 3)
achieved an overall accuracy of 71% (Cohen’s k =
0.65). Per-class Fl-scores ranged from 0.65 (LCZ 3)
to 0.81 (LCZ 8). Compact LCZs (2 and 3) covered
23% of registered housing and had a mean LST of
36.7°C. Open LCZs (6 and 8) covered 58% of
registered housing with a mean LST of 33.9 °C.
The raw LST difference between these two groups
was 2.8 °C, closely aligned with the ATT from the
propensity score matching (2.5 °C).

4.7 Panel model results (new)

To examine whether the morphology-LST
association  persists after accounting for
time-invariant pixel characteristics, we estimated a
two-way fixed effects model (pixel and
year). Importantly, housing type (collective vs.
individual) was treated as time-invariant over the

4.8 Mediation

study period because no pixel converted from one
type to the other between 2013 and 2023 (verified
by visual interpretation of very high-resolution
imagery). Therefore, the model is identified solely
from cross-sectional variation, and the pixel fixed
effects absorb all timestable confounders. The
coefficient for housing type (2.1 °C, 95% CI: 1.3-
2.9; adjusted p = 0.008) should be interpreted as
a spatially adjusted between-pixel contrast, not a
within-pixel change over time. The year fixed
effects showed a positive trend (+0.4 °C per year,
95% CI: 0.2-0.6), indicating regional warming.
This attenuation from the cross-sectional ATT
(2.5°C) suggests that part of the crude
morphology contrast is explained by time-stable
pixel characteristics (e.g., soil type, topography),
but a robust residual association persists

Table 3: Mediation of the morphology-LST association
Mediator ACME (°C) (95% CI) ADE (°C) Proportion Adjusted p
(95% CI) mediated (ACME)
SVF 0.9 (0.5-1.3) 1.5(0.9-2.1) 0.38 <0.001
Albedo 0.4 (0.1-0.7) 2.0(1.3-2.7)  0.17 0.02
NDVI 1.2 (0.8-1.7) 1.2(0.6-1.8) 0.50 <0.001

Note : Separate models; proportions do not sum to 100% due to mediator overlap

Table 3 quantified the proportion of the total
morphology-LST association explained by three
physical pathways. NDVI mediated the largest
share (50%; ACME = 1.2 °C, 95% CI: 0.8 - 1.7),

followed by sky view factor (38%; ACME = 0.9 °C,
95% CI: 0.5 - 1.3). Albedo played a smaller
mediating role (17%; ACME = 0.4 °C, 95% CI:
0.1 -0.7). The average direct effect (ADE)
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remained significant at 1.2 - 1.5 °C, suggesting that
unmeasured mediators (e.g., construction material

4.9 Downscaling Method Intercomparison

thermal inertia, anthropogenic heat flux) account
for the remaining portion.

Table 4: Spatial block cross-validation of downscaling methods (10 folds, 200 m blocks)

Method RMSE (°C) Bias (°C) Residual Moran’s [ AIC (spatial model)
DisTrad 1.32 —0.20 0.07 2216
Random Forest 1.28 —0.08 0.12 2230
Hybrid (DisTrad+RF) 1.25 —0.05 0.06 2205

Table 4 summarizes the performance of three
downscaling methods using spatial block
crossvalidation. DisTrad showed slightly higher
RMSE (1.32°C) than Random Forest (1.28 °C)
but lower residual spatial autocorrelation
(Moran’s I = 0.07 vs. 0.12). The hybrid method
achieved the lowest RMSE (1.25°C) and
near-independent  residuals.  Despite  these
differences, ATT estimates remained stable across
methods (Appendix Table Al), confirming that
the primary finding is not sensitive to the choice
of downscaling algorithm.

4.10 Sensitivity and Robustness Summary

The ATT remained stable across all robustness
checks (Appendix Table Al). The Rosenbaum
sensitivity analysis yielded I' = 1.6 (unadjusted p=
0.09 from the Wilcoxon signed-rank test). This
indicates that an unmeasured confounder would
need to increase the odds of treatment assignment
by 60% to completely nullify the observed effect.
While the p-value is not significant at a = 0.05, the
moderate sensitivity suggests caution in causal
interpretation. We did not apply false discovery
rate correction to this single sensitivity test, as it is
a scalar parameter rather than a multiple testing
context. The pessimistic sensitivity test, assuming
a true RMSE of 2.5 °C in collective housing (cf.
Liang et al., 2024), widened the ATT confidence
interval to 1.2-3.9 °C, which still excluded zero.
Therefore, H5 (moderate confounding sensitivity)
is partially supported, and H2 remains robust.

5. Discussion

This study reframes urban thermal heterogeneity
as a spatially autocorrelated, uncertainty-perturbed
manifestation of the surface energy balance (SEB)

under heterogeneous morphological boundary
conditions. The integrated two-layer framework
physical (SEB + Local Climate Zones) and
statistical (spatial dependence + uncertainty
propagation) reveals that housing morphology
LST associations are neither deterministic nor
context-free. Spatial contingency of thermal
contrasts. The observed LST difference between
collective and individual housing was not uniform:
contrasts were largest in the urban core (2.8 -
3.5°C) and smaller at the periphery (1.2 - 2.0 °C).
This suggests that morphological thermal effects
are amplified where accumulated land cover
changes and reduced sky view factors (SVF) prevail.
Peripheral zones, retaining more vegetation and
higher SVF, exhibit muted responses. Such spatial
contingency is rarely acknowledged in
crosssectional urban climate studies, which
typically report single global coefficients. Our
findings imply that heat mitigation policies should
be spatially targeted rather than wuniform,
consistent with recent work in semi-arid contexts
(Ramezani et al., 2024; Khamis & Abdellatif,
2025).

Vegetation and SVF as primary mediators. Formal
mediation analysis moves beyond correlational
accounts. NDVI mediated approximately 50% of
the total morphological contrast, SVF 38%, and
albedo only 17%. The dominance of NDVI
indicates that nearly half of the temperature
difference arises not from buildings themselves
but from the absence of vegetation accompanying
denser housing. In semi-arid cities, where
evaporative cooling is water-limited, even sparse
vegetation reduces LST through shading and
repartitioning of net radiation away from sensible

heat (Oke et al., 2021). The minor role of albedo
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likely reflects that multiple reflections and reduced
SVF in compact housing diminish effective
canyon-scale albedo. The remaining direct effect
(1.2 - 1.5°C) points to unmeasured pathways
thermal inertia of construction materials and
anthropogenic heat flux which future studies
combining LST with building energy models could
address. Spatial dependence as a methodological
imperative. The spatial error model (A=0.74)
confirms that unmeasured spatially structured
factors (microclimate regimes, historical land use,
soil moisture) account for substantial residual
variation. Ignoring spatial dependence (as in OLS)
underestimates standard errors by ~40%,
producing artificially narrow confidence intervals
and inflated Type I error rates. After accounting
for spatial dependence, the ATT attenuated from
3.1°C to 2.1°C, and panel fixed-effects models
further confirmed a robust but reduced
association. Studies that fail to model spatial
autocorrelation are likely overstating both the
magnitude and significance of morphology-LST
relationships (Anselin & Rey, 2023).

Uncertainty decomposition as a diagnostic
tool. Spatial bootstrap (48%) and downscaling
residuals (32%) dominate total uncertainty, while
emissivity and atmospheric correction contribute
marginally. This finding challenges the canonical
emphasis on improving retrieval algorithms: even
perfect retrieval would not substantially narrow
confidence intervals because major uncertainties
arise from spatial sampling variability and the
limitations of linear NDVILST assumptions.
Heteroscedasticity =~ downscaling  uncertainty
increasing from 32% globally to 41% in collective
housing zones indicates that the linear assumption
of DisTrad is more severely violated in dense,
heterogeneous areas (Liang et al., 2024). Variance
decomposition thus reveals a data priority paradox:
the largest uncertainty contributor (spatial
bootstrap) cannot be reduced by better sensors but
requires distributional inferential frameworks.
Causal ambiguity and boundary conditions. The
ATT is a spatially adjusted conditional association,
not a causal effect. Rosenbaum sensitivity (I' = 1.6)
indicates moderate vulnerability to unobserved
confounding building materials, air conditioning,

or micro-scale irrigation could contribute. The
panel fixed-effects model, controlling for
time-invariant pixel characteristics, attenuated but
did not eliminate the estimate, suggesting
time-varying confounders may still play a role.
Moreover, the study is bounded to registered
housing in a single semi-arid city; informal
settlements (bidonvilles) were excluded, limiting
generalisability. We offer the integrated
framework not the numerical ATT as the primary
exportable contribution. Future research should
prioritise direct SEB flux measurements,
buildingresolved energy models, panel designs
with >10 time points, cross-city comparisons, and
inclusion of informal settlements. Open sharing of
code and uncertainty budgets should become a
community norm.

Conclusion

This study reframes urban thermal heterogeneity
as a spatially autocorrelated, uncertainty-perturbed
manifestation of the surface energy balance under
heterogeneous morphological boundary
conditions. Using an integrated two-layer
framework physical (SEB + LCZ) and statistical
(spatial econometrics + nested uncertainty
propagation) we demonstrate that collective
housing in Ain Smara is associated with 2.5 °C (95%
CI: 1.7 - 3.3) higher LST than individual housing,
with contrasts largest in the urban core. Mediation
analysis reveals that NDVI (50%) and sky view
factor (38%) are the dominant pathways, while
albedo plays a minor role (17%). Spatial
dependence cannot be ignored: ignoring it
underestimates standard errors by ~40%.
Uncertainty is dominated by spatial bootstrap
(48%) and downscaling residuals (32%), not
retrieval errors. The association is robust to
multiple  sensitivity checks but remains
associational, not causal, and does not generalise
to informal settlements. We offer the framework
not the numerical estimate as the primary
contribution. Future work should prioritise direct
flux measurements, buildingresolved energy
models, panel designs, cross-city comparisons, and
inclusion of informal settlements. Open sharing of
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uncertainty budgets is recommended as a
community standard
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