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Abstract
This chapter presents a three-dimensional (3D) cellular automata (CA) model simu-
lating urban heat transfer in an artificial 50 × 50 × 20m city block at moderate lati-
tude (𝜑 = 46.24◦ N). Each cell is assigned one of five material classes — outdoor air,
asphalt, park/grass, structural concrete, and interior air — and advances temperature
states through eight physics layers: conductive diffusion, solar heating, nocturnal ra-
diative cooling, free-atmosphere relaxation, asphalt plume convection, surface Newton
cooling, interior ventilation, and boundary conditions. A distinguishing aspect of this
work is its development workflow: rather than conventional coding, human-specified
intent and domain constraints in natural language guided Claude AI (Anthropic) [27]
in generating, debugging, and iteratively refining the Python implementation. The hu-
man supplied physical intuition, validated outputs, and corrected physically implausible
results through a joint debugging process. Preliminary simulations over a 30-day May
period demonstrate realistic diurnal temperature cycles, street-surface temperatures 4–
6 ◦C above park surfaces at solar noon, and an asphalt plume decaying exponentially up
to 10m above ground. These results confirm the CA paradigm’s suitability for urban
heat studies [5, 2] and illustrate the potential of large language model (LLM)-assisted
scientific prototyping.
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1 Introduction

Urban environments modify the local thermal climate through a combination of reduced
vegetation cover, high-absorptivity paved surfaces, anthropogenic heat emissions, and
altered sky-view factors [14, 15]. The resulting urban heat island (UHI) effect elevates
near-surface temperatures by 2–10 ◦C relative to rural surroundings, with the strongest
signal occurring at night when building materials release the solar energy accumulated
during the day [16]. Quantifying and predicting these effects at the scale of individual
city blocks is essential for evidence-based urban design, and calls for simulation tools
that balance physical fidelity with computational tractability.

Cellular automata (CA) offer a compelling middle ground between computationally
expensive solvers such as computational fluid dynamics (CFD) solvers and simplified
empirical models [3, 5]. The applications of CAs span from pure physical systems to
engineering and also to social sciences (i.e. [28]). Originally formalised by von Neu-
mann and popularised as universal models of complexity by Wolfram [1], CA propa-
gate discrete local states according to neighbourhood rules at each timestep. For heat
conduction, Chopard and Droz [2] demonstrated that a lattice-gas CA reproduces the
thermo-hydrodynamic equations accurately, and Lowekamp [4] extended this to three-
dimensional parallel architectures. Subsequent work has applied CA to urban growth
simulation [24], fire spread [6], and tree-network heat conduction [25].

A separate, rapidly evolving development in scientific computing is the use of large
languagemodels (LLMs) as interactive coding assistants. Rather than writing numerical
simulation code from scratch, researchers can describe their intent in natural language
and have an LLM generate candidate implementations, which the researcher then eval-
uates, critiques, and refines in dialogue. This human–machine co-authoring paradigm
has been explored in urban planning and scenario analysis contexts [26], but its appli-
cation to low-level physics-based simulation coding remains largely undocumented in
the peer-reviewed literature.

This chapter makes two contributions. First, it describes the design and implementa-
tion of a 3D CA heat-transfer model for a synthetic city block featuring two intersecting
roads, three buildings of differing heights, and surrounding park areas, parameterised
for the Kranj, Slovenia May climate. Second, it documents the iterative dialogue be-
tween the human researcher and the Claude AI assistant ([27]) that produced the sim-
ulation code, highlighting how physical errors were detected, diagnosed, and corrected
through this interaction. Preliminary visualisation results are presented to demonstrate
the plausibility of the model outputs.

2 Methodology

2.1 Problem statement and goals

Rapid urbanization replaces natural permeable surfaces with heat-absorbing materials
such as asphalt and concrete, fundamentally altering the local surface energy balance
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and giving rise to the urban heat island (UHI) effect—a well-documented phenomenon
in which cities record persistently higher air and surface temperatures than surround-
ing rural areas [33, 35]. Despite decades of observation, the three-dimensional thermal
structure of urban blocks at the microscale (tens of metres) remains difficult to char-
acterise, because diurnal cycles, material-class heterogeneity, vertical boundary-layer
development, and cloud-modulated radiative forcing interact nonlinearly [31, 34]. Cou-
pled mesoscale–microscale approaches, such as the Weather Research and Forecasting
(WRF) model paired with urban canopy models (UCMs), have improved our under-
standing of canopy-layer heat retention and nocturnal warm anomalies [34, 32], yet
most studies treat the urban volume as a two-dimensional or single-layer system and
do not resolve the vertical decay of the thermal plume above high-absorptivity surfaces
[33]. Furthermore, cloud-cover variability is frequently ignored or parametrised only
at coarse temporal resolution, even though it is the dominant modulator of incoming
shortwave radiation and, consequently, of surface temperature extremes [32].

The primary goal in this research is to simulate the three-dimensional temperature
cube in a 50 × 50 × 20m urban block over a 30-day period in May, capturing:

• diurnal temperature cycles for each material class;
• the urban heat island signature (elevated asphalt temperatures);
• the vertical decay of the asphalt boundary-layer thermal plume;
• realistic cloud-modulated solar and radiative forcing.

A 3D cellular automaton with von Neumann neighborhood will be modeled (see Fig-
ure 1).

Fig. 1: A 3D cellular automaton with von Neumann neighborhood.

A secondary goal is to explore and document the human–AI interaction pattern that
led to a functioning, physically validated simulation through iterative natural-language
prompting and code refinement.
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2.2 Methods

2.2.1 Simulation approach

The model uses an explicit three-dimensional CA on a 50 × 50 × 20 rectilinear lattice
(Δ𝑥 = 1m, Δ𝑡 = 600 s). Each cell is assigned a material index; the temperature field
𝑇𝑖, 𝑗 ,𝑘 is advanced by eight sequentially applied physics layers (see Section 3.2). The im-
plementation is in Python 3 using NumPy for vectorised array operations andMatplotlib
for visualisation.

2.2.2 Human–AI co-authoring workflow

The coding process followed an iterative dialogue structure between the human re-
searcher and Claude AI:

1. The human described the desired model elements in natural language (domain size,
materials, physics layers, climate inputs).

2. Claude AI generated a candidate Python implementation.
3. The human ran the code, inspected outputs, and identified physical or numerical

inconsistencies.
4. The human reported findings back to Claude AI in plain language, which then pro-

posed corrections with explanations.
5. Steps 3–4 were repeated until outputs matched expected physical behaviour.

This workflow produced twelve targeted fixes across two revision cycles, docu-
mented in the final code comments as FIX 1 through FIX 12.

2.3 Assumptions and limitations

The model adopts several simplifying assumptions that bound its applicability (see Ta-
ble 1).

A particular challenge would pose automaton cells located below ground level, as
well as the heterogeneous materials present on building surfaces. While these elements
would substantially increase both the size and complexity of the model, they would
simultaneously enhance its fidelity to the real-world system.
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Table 1: Assumptions and limitations.

Assumption Limitation

One-dimensional diffusivity lookup Ignores material anisotropy (<5% error for urban materials) [9].
Uniform 𝛼𝑠 = 0.7 Asphalt ≈ 0.95, concrete ≈ 0.65 [22]; blended value underestimates street peak.
No moisture / latent heat Evapotranspiration from park is neglected [14].
No anthropogenic heat Traffic, HVAC exhaust absent [5].
Linearised longwave radiation Valid within ±15 ◦C of 𝑇𝑚 = 290K [9].
Simplified vertical solar shading Full 3D ray-tracing not implemented; shadow test uses column- maximum height

only [18].
ACH = 1.0 uniform Ignores window-to-wall ratio, HVAC, and occupancy [15].
Free-atmosphere relaxation 𝜏 ≈
67 min

Mesoscale coupling would be more rigorous; the value prevents multi-day drift
within the domain.

3 Research

3.1 City geometry

The 50 × 50 × 20 domain represents a synthetic urban block. Two arterial streets inter-
sect to form a cross-shaped road network: a north–south street, and an east–west street,
both at ground level. Three buildings are distributed across the domain. Block A is a
six-storey residential building located in the southwest quadrant. Block B is a twelve-
storey tower in the northeast quadrant. Block C is an eight-storey mid-rise situated in the
southeast quadrant. All three structures rise from ground level. All remaining ground-
level cells not occupied by streets or buildings are designated as park surface. Precise
definition:

• a N–S arterial street (cells 𝑥 = 22–27, full 𝑦 extent, 𝑧 = 0);
• an E–W arterial street (cells 𝑦 = 23–26, full 𝑥 extent, 𝑧 = 0);
• Block A — 6-storey residential building, SW quadrant (𝑥=5–15, 𝑦=5–15, 𝑧=0–6);
• Block B — 12-storey tower, NE quadrant (𝑥=30–45, 𝑦=10–25, 𝑧=0–12);
• Block C — 8-storey mid-rise, SE quadrant (𝑥=10–20, 𝑦=30–40, 𝑧=0–8);
• surrounding park (MAT_PARK) at 𝑧 = 0 for all remaining ground cells.

Buildings have a one-cell-thick concrete shell (MAT_BUILDING) enclosing an interior
air core (MAT_INTERIOR).

Figure 2 shows the isometric layout of the modelled block.

Listing 1: City geometry generator
# ������������������������������������������������������������������������������
# 3 . CITY GEOMETRY
# ������������������������������������������������������������������������������
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Fig. 2: Isometric view of the 50 × 50 × 20m CA domain. Three buildings (Blocks A,
B, C), N–S and E–W streets, park ground cover, and domain bounding box (𝑧 = 20m).

de f g e n e r a t e _ c i t y _map ( s i z e ) :
”””
z = 0 : ground l a y e r ( park , s t r e e t , o r b u i l d i n g

f o o t p r i n t s l a b )
z = 1+ : above −ground ( b u i l d i n g s h e l l / i n t e r i o r ,

open a i r columns )
Three b u i l d i n g s wi th ho l low i n t e r i o r s (MAT_INTERIOR)
su r r ounded by MAT_BUILDING s h e l l , s e t i n a pa rk
g r i d c r o s s e d by two s t r e e t s .
”””
w, l , h = s i z e
mat = np . f u l l ( s i z e , MAT_AIR, d type=np . i n t 8 )

# Ground : pa rk everywhere , t h en o v e rw r i t e w i th s t r e e t s
mat [ : , : , 0 ] = MAT_PARK
mat [w/ /2 −3 : w/ / 2 + 3 , : , 0 ] = MAT_STREET # –NS
mat [ : , l / / 2 −2 : l / / 2 + 2 , 0 ] = MAT_STREET # –EW

de f a d d _bu i l d i n g ( mat , x1 , x2 , y1 , y2 , nz ) :
””” S h e l l o f MAT_BUILDING wi th MAT_INTERIOR co r e . ” ” ”
mat [ x1 : x2 , y1 : y2 , 0 : nz ] = MAT_BUILDING
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i f nz > 2 and ( x2−x1 ) > 2 and ( y2−y1 ) > 2 :
mat [ x1 +1: x2 −1 , y1 +1: y2 −1 , 1 : nz −1] = MAT_INTERIOR

add_bu i l d i n g ( mat , 5 , 15 , 5 , 15 , 6 ) # Block A — 6 s t o r e y s
a d d _bu i l d i n g ( mat , 30 , 45 , 10 , 25 , 12) # Block B — 12 s t o r e y s
a d d _bu i l d i n g ( mat , 10 , 20 , 30 , 40 , 8 ) # Block C — 8 s t o r e y s

r e t u r n mat

3.2 Physics of the CA update

Each 10-minute timestep applies eight physics layers in order. The governing equations
and their CA discretisations are described in the following subsections.

3.2.1 Layer 1: Conductive diffusion

The heat equation [10];
𝜕𝑇

𝜕𝑡
= 𝛼 ∇2𝑇, (1)

discretised with a six-neighbour (von Neumann) pattern in 3D [3]:

𝑇𝑛+1
𝑖, 𝑗 ,𝑘 = 𝑇𝑛

𝑖, 𝑗,𝑘 +
𝛼Δ𝑡

Δ𝑥2

(
𝑇𝑛
𝑖±1 + 𝑇

𝑛
𝑗±1 + 𝑇

𝑛
𝑘±1 − 6𝑇𝑛

𝑖, 𝑗,𝑘

)
. (2)

Stability requires the Fourier number Fo = 𝛼Δ𝑡/Δ𝑥2 ≤ 1/6 [11, 23]. All five materials
satisfy this constraint at Δ𝑡 = 600 s, Δ𝑥 = 1m (the most diffusive material, outdoor air,
yields Fo = 0.012).

Listing 2: Diffusion kernel (Layer 1)
T_pad = np . pad (T , 1 , mode= ’ edge ’ )
l a p l a c i a n = ( T_pad [ 2 : , 1 : −1 ,1 : −1 ] +

T_pad [ : −2 , 1 : −1 ,1 : −1 ] +
T_pad [1 : −1 , 2 : , 1 : −1] +
T_pad [1 : −1 , : −2 , 1 : −1] +
T_pad [1 : −1 , 1 : −1 , 2 : ] +
T_pad [1 : −1 , 1 : −1 , : −2 ] − 6 . 0 ∗ T)

alpha_map = np . v e c t o r i z e ( DIFFUSIVITY . g e t )
( ma t e r i a l _map ) . a s t y p e ( np . f l o a t 6 4 )
new_T += ( alpha_map ∗ DT / DX∗∗2) ∗ l a p l a c i a n
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3.2.2 Layer 2: Solar heating

The temperature increment on exposed surface cells is

Δ𝑇solar = 𝐺rate cos 𝜃𝑧 𝑘𝑡 × (1 + 𝑟season 𝑑), (3)

where𝐺rate = 0.017 ◦C step−1 is the corrected solar gain rate (derivation below), cos 𝜃𝑧
is the cosine of the solar zenith angle [12], 𝑘𝑡 is the sky clearness index, 𝑟season =
0.015 day−1 is a May seasonal ramp (FIX 11), and 𝑑 is the day counter (0-based).

The rate𝐺rate is derived from the energy balance on a surface cell assuming the solar
flux is absorbed within a 0.1m skin depth:

𝐺rate =
𝐼0 𝛼𝑠 𝑓slab Δ𝑡
𝜌𝐶𝑝 Δ𝑥

=
800 × 0.7 × 0.1 × 600

2 024 000 × 1.0
≈ 0.017 ◦C step−1. (4)

An early version of the code (generated in the first dialogue turn) had 𝐺rate = 0.17,
omitting the slab fraction 𝑓slab = 0.1, causing a ten-fold overestimate of solar heating.
This was corrected in the first major revision after the human observed unrealistically
high surface temperatures.

Listing 3: Solar heating on exposed cells (Layer 2, FIX 1 & 11)
SOLAR_GAIN_RATE = 0 .017

# deg C / s t e p ( FIX 1 : was 0 . 1 7 )
SOLAR_SEASON_RAMP_PER_DAY = 0 .015

# f r a c t i o n a l d a i l y i n c r e a s e ( FIX 11)

i f s o l a r > 0 :
season_ramp = 1 . 0 + SOLAR_SEASON_RAMP_PER_DAY ∗ day_of_s im
new_T [ exposed_mask ] += SOLAR_GAIN_RATE ∗ s o l a r

∗ c l oud ∗ season_ramp

3.2.3 Layer 3: Nocturnal radiative cooling

During night, top-surface cells lose energy via longwave emission, modulated by cloud
cover [9]:

Δ𝑇rad = −𝑅rate 𝑘𝑡 , (5)

with 𝑅rate = 0.010 ◦C step−1 (FIX 2, re-balanced against the corrected solar gain).

3.2.4 Layer 4: Free-atmosphere relaxation

Outdoor air cells are continuously relaxed toward the prescribed sky temperature𝑇sky (𝑡)
at each step (FIX 4):

𝑇𝑛+1
air = 𝑇𝑛

air + 𝜆atm
(
𝑇sky − 𝑇𝑛

air
)
, 𝜆atm = 0.15, (6)
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giving an e-folding relaxation time of Δ𝑡/𝜆atm = 67min. This prevents multi-day accu-
mulation of heat in the outdoor air and keeps the air field nearly independent of adjacent
surface temperatures, consistent with the large heat capacity of the free atmosphere.

Listing 4: Free-atmosphere relaxation (Layer 4, FIX 4)
ATM_RELAX = 0 .15
# e− f o l d t ime ~67 min ( FIX 4 , was a b s e n t )

a i r _ c e l l s = i f a c e [ ” i s _ a i r ” ]
new_T [ a i r _ c e l l s ] += ATM_RELAX ∗

( sky_T − new_T [ a i r _ c e l l s ] )

3.2.5 Layer 5: Asphalt boundary-layer plume

Asphalt absorbs significantly more solar energy than park soil, creating a warm plume
above the street. Air cells in open columns above asphalt receive a fraction of the
asphalt–sky temperature excess, decaying exponentially with height (FIX 9):

Δ𝑇𝑧 = 𝑆asp · 𝑒−𝑧/𝐻scale ·
(
𝑇asp − 𝑇sky

)
, 𝑧 = 1, . . . , 10, (7)

where 𝑆asp = 0.25 is the fractional coupling per step and 𝐻scale = 4.0/(1 + 𝑣 [m/s] ×
0.3) ≈ 3.1m at the Kranj May mean wind speed 𝑣 = 1.67m/s.

Listing 5: Asphalt plume heating above street columns (Layer 5, FIX 9)
ASPHALT_PLUME_TOP = 10 # max i n f l u e n c e h e i g h t [m]
ASPHALT_H_SCALE = 4 . 0 / ( 1 . 0 + WIND_SPEED_MS ∗ 0 . 3 )

# ~3 .1 m
ASPHALT_STRENGTH = 0 .25 # f r a c t i o n a l c o up l i n g pe r s t e p

exce s s_xy = new_T [ : , : , 0 ] − sky_T
f o r z i n r ange ( 1 ,

min (ASPHALT_PLUME_TOP + 1 ,
GRID_SIZE [ 2 ] ) ) :

mask_z = plume_mask [ z ]
d e l t a = ASPHALT_STRENGTH ∗

decay_we igh t [ z ] ∗ exce s s_xy
new_T [ : , : , z ] [ mask_z ] += d e l t a [ mask_z ]

3.2.6 Layer 6: Surface–air convection

Newton’s law of cooling is applied symmetrically between solid surfaces and adjacent
air cells (FIX 3). The convective coefficient follows the Jurges correlation at 6 km/h
wind speed, ℎ𝑐 ≈ 5.6+4×1.67 ≈ 12.3W/(m2K), reduced by a canyon sheltering factor
of 0.8 to give 𝐻conv = 10W/(m2K) (FIX 7):
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CONV_SOLID(𝑚) = min
(
1,

𝐻conv Δ𝑡
𝜌𝐶𝑝 (𝑚) Δ𝑥

)
. (8)

3.2.7 Layer 7: Interior ventilation

Building interior air exchanges with outdoor air at 1 air change per hour (ACH = 1.0):

𝑇𝑛+1
int = (1 − 𝑓vent) 𝑇𝑛

int + 𝑓vent 𝑇outdoor, adj, (9)

where 𝑓vent = ACH × Δ𝑡/3600 ≈ 0.167.

3.2.8 Layer 8: Boundary conditions

The top layer 𝑧 = 19 is held at the prescribed sky temperature (Dirichlet BC):

𝑇𝑛
𝑖, 𝑗,19 = 𝑇sky (𝑡). (10)

Park ground cells (𝑧 = 0) are softly anchored to a deep soil temperature 𝑇deep,park =
11 ◦C, and street cells to 𝑇deep,street = 16 ◦C (FIX 10), preventing spurious cold bleed
from cooler adjacent soil over the 30-day run.

Listing 6: Boundary conditions (Layer 8)
new_T [ : , : , −1] = sky_T # D i r i c h l e t sky t op

pa rk_z0 = ( ma t e r i a l _map [ : , : , 0 ] == MAT_PARK)
new_T [ : , : , 0 ] [ pa rk_z0 ] = 0 .995 ∗ new_T [ : , : , 0 ] [ pa rk_z0 ] +

0 .005 ∗ T_DEEP_GROUND

s t r e e t _ z 0 = ( ma t e r i a l _map [ : , : , 0 ] == MAT_STREET)
# FIX 10

new_T [ : , : , 0 ] [ s t r e e t _ z 0 ] = 0 .997 ∗ new_T [ : , : , 0 ] [ s t r e e t _ z 0 ]
+ 0 .003 ∗ T_DEEP_STREET

3.3 Sky and cloud model

The sky boundary temperature follows an observed May climate for Kranj (daytime
mean 19.5 ◦C, nighttime mean 8.5 ◦C):

𝑇sky (𝑡) = 14.0 + 5.5 sin
[
𝜋(ℎ − 2)

12

]
+ 𝜂(𝑡), (11)

where 𝜂(𝑡) is an AR(1) correlated noise term (FIX 6) with a 3-hour correlation time
and mean +4.5 ◦C (calibrated to observed May conditions in the region [15]).
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Cloud cover is represented by a sky clearness index 𝑘𝑡 ∈ [0.15, 1.0] evolving as a
bounded random walk with volatility proportional to solar elevation [12].

3.4 Human–AI interaction in code development

The simulation code was developed through an iterative dialogue between the human
researcher and Claude AI. The following excerpts illustrate the interaction pattern at
key stages.

Human (Turn 1):
“I want to model a 50 × 50 × 20m city block with 1m3 cells. Include two roads, three
buildings of different heights, and parks. Climate: Kranj, Slovenia, May. Physics: con-
duction, solar heating, convection, radiation, boundary conditions. Please generate a
Python implementation.”

Claude AI (Turn 1):
[Generated initial Python code with domain setup, material map, diffusion kernel,
solar heating at SOLAR_GAIN_RATE = 0.17, convection, and basic boundary condi-
tions. Code ran without error.]

Human (Turn 3):
“The street temperature reaches 40 ◦C after only two days inMay. That cannot be right
for Kranj. The building interior drifts to 55 ◦C by day 7. There must be a parameter
error.”

Claude AI (Turn 3):
“The solar gain rate SOLAR_GAIN_RATE = 0.17 was derived assuming a 0.1m
absorption slab but applied to 1m cells. The corrected value is 0.17 × 0.1 =
0.017 ◦C step−1. Additionally, the radiative cooling rate should be re-balanced against
the corrected gain, and the outdoor air convection coefficient CONV_AIR = 1.0 is
hard-snapping air temperature to surface values, preventing realistic decoupling. I
recommend the following corrections…”

Human (Turn 5):
“After your fixes, the air temperature still accumulates by +2 ◦C per day. After 30
days the whole domain is 60 ◦C. We need a mechanism to pin outdoor air to the sky
temperature.”
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Claude AI (Turn 5):
“This is a free-atmosphere accumulation problem. I will add a free-atmosphere relax-
ation layer (FIX 4) that nudges all outdoor air cells toward sky_T at each step with
coefficient ATM_RELAX = 0.15, giving an e-folding time of ≈ 67min. This represents
the continuous replacement of urban boundary-layer air by the free troposphere.”

In total, twelve fixes across two revision cycles were required before the model
produced outputs that the human researcher judged physically plausible. Table 2 sum-
marises the principal corrections.

Table 2: Summary of physics corrections introduced during human–AI dialogue (Revi-
sion 2).

Fix Parameter / layer Original Corrected Trigger

1 SOLAR_GAIN_RATE 0.17 0.017 ◦C/step Street > 40 ◦C
2 RADIATIVE_COOL_RATE 0.085 0.010 ◦C/step Re-balanced
3 CONV_AIR 1.0 0.05 Air hard-snapping
4 ATM_RELAX absent 0.15 step−1 Multi-day drift
5 Sky temp. calibration 10/4 °C 19.5/8.5 °C Unrealistic nights
6 Correlated noise absent AR(1), mean +4.5 °C Flat sky forcing
7 𝐻conv default Jurges 10W/(m²K) Wind calibration
8 ATM_RELAX raised 0.001 0.15 Air still coupled
9 Asphalt plume absent exp. decay to 10m No UHI vertical
10 Street deep anchor absent 16 °C soft Cold bleed
11 Seasonal solar ramp absent 1.5%/day May variation
12 Night conv. damping uniform ×0.4 at night Excess nocturnal cool

The complete code is available in the public repository at https://github.com
/rleskovar/urban_heat_island_3D_CA.git.

4 Preliminary Results and Visualisation

The 30-day simulation (4 320 timesteps, 50 000 cells) completes in approximately 18
seconds on NVIDIA DGX Spark machine. Experiment on QEMU/KVM virtual ma-
chine with allocated 8 CPUs (i7 processor ) and 8 GB RAM (standard laptop RAM)
took approximately 70 seconds. Three output visualisations were produced.

4.1 Five-panel temperature dashboard

Figure 3 shows five panels over 30 days.

https://github.com/rleskovar/urban_heat_island_3D_CA.git
https://github.com/rleskovar/urban_heat_island_3D_CA.git
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Fig. 3: Five-panel temperature dashboard

1. Main temperature traces: outdoor air, asphalt street, concrete shell, and building
interior, plus the prescribed sky reference. Realistic diurnal oscillations of ≈ 11 ◦C
peak-to-trough are visible on the street trace; interior air shows dampened variation.

2. Vertical plume comparison: temperatures at 𝑧 = 0 (asphalt surface), 𝑧 = 1m,
𝑧 = 5m, and the sky reference. The 𝑧 = 1m air exceeds sky temperature by 2–4 ◦C
at solar noon; 𝑧 = 5m shows ≈ 1 ◦C excess.

3. Street daily range bars: the asphalt daily maximum–minimum range is 8–12 ◦C,
consistent with observed Central European May values [15].

4. Sky clearness index: stochastic cloud cover with solar-elevation-modulated volatil-
ity.

5. Sky boundary temperature with noise: smooth AR(1) variations around the 14 ◦C
diurnal midpoint.

4.2 X–Z cross-section heatmaps

Three snapshots at solar noon on Days 1, 3, and 7 are taken as 𝑥–𝑧 slices at 𝑦 = 25m
(see Figure 4).
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Fig. 4: Snapshots at solar noon on Days 1, 3, and 7 are taken as 𝑥–𝑧 slices at 𝑦 = 25m.

The plots reveal:

• a warm column of air directly above each asphalt cell, extending to the 10m plume
top (marked by a cyan dashed line);

• building roof cells at elevated temperatures due to unobstructed solar exposure;
• cool interior air inside each building, partially shielded by the concrete shell.

4.3 Vertical plume profile

Figure 5 shows the mean temperature as a function of height 𝑧 on Day 7 solar noon,
separately for columns above asphalt and above park.

The asphalt profile shows a peak at 𝑧 = 0 and exponential decay toward sky temper-
ature by 𝑧 = 10m; the park profile is approximately isothermal with the sky, confirming
that the surface–air thermal contrast in the model is dominated by asphalt properties.

• a warm column of air directly above each asphalt cell, extending to the 10m plume
top (marked by a cyan dashed line);

• building roof cells at elevated temperatures due to unobstructed solar exposure;
• cool interior air inside each building, partially shielded by the concrete shell.

Table 3: Characteristic temperatures from the 30-day simulation (Day 7, solar noon).

Material / location Min (°C) Mean (°C) Max (°C)

Sky (prescribed) 8.0 18.5 28.0
Outdoor air 9.5 19.1 27.5
Asphalt (𝑧 = 0) 7.0 22.4 34.5
Air at 𝑧 = 1m above asphalt 9.0 21.2 31.0
Air at 𝑧 = 5m above asphalt 9.3 19.9 28.2
Park (𝑧 = 0) 9.0 17.8 22.5
Concrete shell 9.5 19.8 28.0
Building interior 11.0 18.5 24.0
Values are indicative; exact figures depend on noise seed and cloud trajectory.
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Fig. 5: Vertical plume profile.

5 Discussion

5.1 Physical plausibility

The corrected model produces surface and air temperatures consistent with published
observations for Central European May conditions [15, 16]. The asphalt UHI intensity
at solar noon (≈ 4–6 ◦C above park) falls within the range reported by Li et al. [17]
for mid-latitude cities. The exponential decay of the thermal plume above the asphalt
surface is qualitatively consistent with boundary-layer theory and CFD results for urban
street canyons [18, 19, 20].
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The simulation required twelve explicit corrections before outputs became physi-
cally plausible. The most significant was the ten-fold overestimate of the solar gain rate
(FIX 1), which stemmed from a mismatch between the 0.1m absorption slab depth as-
sumed in the derivation and the 1m cell size used in the discretisation. This class of
dimensional inconsistency is a well-known source of error in numerical modelling and
illustrates the importance of human domain knowledge in validating AI-generated code.

5.2 Human–machine interaction

The iterative co-authoring workflow proved effective for rapid prototyping. The AI as-
sistant was able to generate a structurally complete simulation in a single turn and to
diagnose the physical cause of anomalous outputs when given qualitative descriptions
from the human (e.g., “temperatures are unrealistically high”). However, the AI did
not spontaneously check dimensional consistency of derived parameters, nor did it flag
the missing free-atmosphere relaxation layer until the human observed multi-day drift.
This suggests that LLM-assisted coding is most productive when the human plays an
active role in output validation, with the AI handling boilerplate generation and targeted
debugging.

This finding aligns with the broader literature on AI-assisted scenario planning [26],
which emphasises that human experts remain essential for identifying physically or con-
textually implausible outputs.

5.3 Limitations and future work

Several model simplifications should be addressed in future work. The absence of latent
heat and evapotranspiration likely causes an overestimate of park daytime temperatures
[14]. The simplified vertical shadow test (column-maximum height) overestimates di-
rect solar exposure of street cells in narrow canyons; full 3D ray-tracing as implemented
in CFD studies [18] would improve accuracy. Validation against observed temperature
time series from the Kranj meteorological station would provide a quantitative measure
of model skill.

The human–AI dialogue approach should be further systematised. A structured
prompt template that requires the AI to explicitly check dimensional consistency, sta-
bility criteria, and energy balance before returning code would likely reduce the number
of correction iterations.
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