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Fig. 9 に動的解析結果における損傷分散効果の定量評
価を示す。最大塑性率は入力地震動の違いによりモデ

ルごとにばらつきがみられる。一方で，変動係数によ

る損傷分散の傾向は，入力地震動の違いによる差異が

軽微であり安定した評価指標として有用であることが

示唆される。動的な外力に対する各モデルの損傷分散

の傾向は Fig. 5の損傷分布傾向早見図表と良い対応関係
を示している。このことから，損傷分布傾向早見図表は

2 度の静的漸増解析から最適な耐震壁諸元と境界梁諸元
を予測することができるため，工学的に有用であると

示唆される。一方で，動的解析時の Riは地震動の位相

特性と建物モデルの固有周期に依存していることから

予測が困難である。したがって，損傷分布傾向早見図

表では最大塑性率を予測することはできない。 
 

4. まとめ 
本報その 2では，大梁回転角の予測式を用いた損傷予

測図表を作成し，設計例を通じて工学的な有用性につ

いて検証を行った。以下に得られた知見を示す。 
(1) 大梁回転角の予測式と静的増分解析結果から，損傷
分布傾向早見図表を作成することが可能である。 

(2) 損傷分布傾向早見図表により，静的解析を未実施の
耐震壁および境界梁諸元を有する建物モデルにおい

ても，その損傷傾向を予測することが可能である。 
(3) 損傷分布傾向早見図表の損傷傾向は，時刻歴応答解
析結果における損傷傾向と良い対応関係を示す。 
本報で提案した心棒架構の設計手法は大梁端部の損

傷分散傾向を予測するものである。予測式の作成に際

し，境界梁が塑性化するほどの極大地震を想定してお

り，微小な地震動に対しては損傷を過大に評価するこ

とが推測される。この点については今後の課題とする。 
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付録 A 層間変形角の線形補完 
Fig. A 1 に層間変形角の線形補完予測と解析結果の比
較を示す。板幅𝑏𝑏wの時の線形補完による層間変形角の
予測値𝑅𝑅Pre,𝑏𝑏w,𝑖𝑖は内分の公式を用いて次式で表される。 

𝑅𝑅Pre
 
𝑏𝑏w,𝑖𝑖

=
(𝐿𝐿c − 𝑏𝑏w) ∙ 𝑅𝑅Ana

 
𝑏𝑏w=0,𝑖𝑖 + 𝑏𝑏w ∙ 𝑅𝑅Ana

 
𝑏𝑏w=𝐿𝐿c,𝑖𝑖

𝑏𝑏w + (𝐿𝐿c − 𝑏𝑏w)  (B,1) 

ここで， 𝑅𝑅Ana
 
𝑏𝑏w=0,𝑖𝑖：𝑏𝑏w = 0 mmの層間変形角の解析

値， 𝑅𝑅Ana
 
𝑏𝑏w=𝐿𝐿c,𝑖𝑖：𝑏𝑏w = 𝐿𝐿cの層間変形角の解析値である。 

Fig. A 1 より，予測値は解析値の層間変形角の分布と
概ね一致するが上層では値にずれが生じている。本報

告では簡易な損傷の予測手法の構築を目標とし，層間

変形角の予測値の算出には線形補完を用いる。 
 

 

 

 

Fig. A 1 層間変形角の線形補完予測と解析結果の比較 
 

付録 B 入力地震動概要 
検討用入力地震動は，h = 5%時の速度応答スペクトル
がコーナー周期（Tc = 0.64 s）以降で SV = 80 cm/sで一定
となる模擬地震動を用いる。位相特性は JMAKobe1995 
NS 3)および HACHINOHE1968 EW 4)とし，作成した地震

動をそれぞれArtKobeNS，ArtHachiEWと呼称する。Fig. 
B1に減衰定数 h = 5%のときの速度応答スペクトル SV，

h = 10%のときのエネルギースペクトル VEをそれぞれ示

す。設計対象建物のX方向に対して時刻歴応答解析を行
う。入力地震加速度の倍率（地震動倍率）を λEQと定義

し，想定を上回る地震動を想定して λEQ = 1.5の地震波を
用いて検討を行う。 

 
(a) Acceleration 

 
(b) Spectrum 

Fig. B 1 入力地震動概要（λEQ = 1.0） 
    

0.0100.005 0.007 0.0080.006 0.009

19

17

16

18

bw = 0000 [mm]
bw = 2400 [mm]
bw = 3600 [mm]
bw = 4800 [mm]
bw = 6000 [mm]
bw = 7200 [mm]
bw = 9600 [mm]

Inter-story drift angle Ri [rad]

St
or

y

0.0200 0.010 0.0150.005

20

18

16

14

6

8

10

12

4

2
1

Analysis

0.0100.005 0.007 0.0080.006 0.009

4

2

1

3

250500 150100 200

400
0

-400
Period [s]

ArtHachiEW

400
0

-400

ArtKobeNS

A
cc

el
er

at
io

n 
[c

m
/s2 ]

0 1 1 2 2 3 3 4 4 5 55.01.00 3.02.0 4.0

Ve
lo

ci
ty

 S
pe

ct
ru

m
 S

V
[c

m
/s]

120

20

60

80

100

0

40

Period [s]

ArtKobeNS

Sv (h = 5%)
ArtHachiEW

T1 range for each model

0 1 1 2 2 3 3 4 4 5 55.01.00 3.02.0 4.0

En
er

gy
 S

pe
ct

ru
m

 V
E

[c
m

/s]

300

50

150

200

250

0

100

Period [s]

ArtKobeNS

VE (h = 10%)ArtHachiEW

T1 range for each model

*1 東京科学大学 Institute of Science Tokyo*１ 
*2 株式会社日建設計 NIKKEN SEKKEI LTD.*2 

 

Story 

Inter-story drift angle Ri [rad] 

2025年度日本建築学会
関東支部研究報告集

2026年3月

Physics-Informed Wind Force Prediction and Structural Validation
Part 1: Physics-Informed Prediction of Wind Force Time Histories

構造-振動 正会員 ○ LONG YIZHOU*1 同 佐藤大樹*2

陳引力*3 田中英之*4

Physics-Informed Neural Networks (PINN), Wind Load Prediction, Deep Learning, Power Spectral Density (PSD), Inter-Story Coherence,
Wind Tunnel Validation

1 INTRODUCTION

Wind-induced vibrations present a critical design issue for
tall and base-isolated buildings, whose elongated fundamental
periods often lead to wind-governed serviceability demands
rather than seismic ones. Although wind tunnel testing pro-
vides high-fidelity wind load data, its high cost and geometry-
specific nature limit its applicability in early-stage response-
based design.

Recent data-driven approaches, such as CNN–LSTM
(CNNL) models1), have demonstrated strong predictive ca-
pability for wind force time histories but often lack physical
consistency in terms of spectral characteristics and spatial cor-
relation. Physics-Informed Neural Networks (PINNs)2) ad-
dress this limitation by embedding physical constraints into
the learning process. This study validates a two-stage PINN
framework for wind force prediction. Part 1 focuses on force-
level validation using independent wind tunnel data, while
Part 2 investigates structural response equivalence through
nonlinear analysis of a base-isolated building.

2 WIND TUNNEL DATASET

The dataset comprises wind tunnel experiments from two
independent sources3),4), covering diverse building geome-
tries to ensure model generalization. Measurements include
multi-component wind force coefficients in along-wind (Cf x),
across-wind (Cf y), and torsional moment (Cmz) directions,
recorded simultaneously across multiple floors to preserve ver-
tical correlation characteristics.

Training Set (12 buildings): Source A includes 5 buildings
(H = 240–403 mm, H/B = 6, D/B = 1–6, 8–14 stories)3).
Source B contains 7 buildings (H = 200–500 mm, H/B= 1.5–
5, D/B = 0.15–1, 4–10 stories)4).

Testing Set (1 building): An independent building (H =
400 mm, H/B = 4, D/B = 1, 8 stories) is completely ex-
cluded from training to evaluate generalization to unseen
geometries4). Table 1 summarizes the training and testing
dataset configuration, including the geometric ratios and story
numbers for each wind-tunnel source.

3 PINN METHODOLOGY

3.1 Model Architecture

The wind force prediction employs a two-stage PINN combin-
ing data-driven learning with physics-based regularization.

Table 1: Training and testing dataset configuration

Source H (mm) H/B D/B Stories

Training Set (12 buildings)

A1 240 6 1.6 8
A2 240 6 3.2 8
A3 240 6 4.0 8
A4 240 6 6.0 8
A5 403 6 1.0 14
B1 300 5 1.0 9
B2 200 2 1.0 4
B3 300 3 1.0 6
B4 500 5 1.0 10
B5 500 4 0.67 10
B6 500 2.90 0.33 10
B7 500 1.50 0.15 10

Testing Set (1 building)

B8 400 4 1.0 8

Stage 1: Data Model (CNNL) — A convolutional-
recurrent network1) reads historical wind velocity
Ut−w:t and outputs baseline predictions: Ĉbase(t) =
[Ĉ f x(t),Ĉ f y(t),Ĉmz(t)]T .

Stage 2: Physics Head — A correction network out-
puts physics-informed adjustment: ĈPINN(t) = Ĉbase(t) +
α∆net(Ĉbase(t),U(t)) where α ∈ [0,0.1] prevents complete
override of the data model. This design stabilizes training by
retaining data-driven capacity while limiting the magnitude of
correction to a physically plausible range.

3.2 Physics-Informed Loss Functions
The total training objective integrates data fidelity with multi-
ple physics-based regularization terms that constrain temporal
smoothness, spectral characteristics, and spatial correlation of
predicted wind forces:

L = λdataLdata+λrateLrate+λcovLcov+λpsdLpsd+λcohLcoh
(1)

where λ• denote weighting coefficients for each loss compo-
nent.

(1) Data Fidelity Loss The data loss enforces agreement be-
tween predicted and measured wind force coefficients:

Ldata =
1
N

N

∑
k=1

∥∥Ĉ(tk)−C(tk)
∥∥2

2 (2)

where Ĉ(tk) = [Ĉ f x,Ĉ f y,Ĉmz]
T denotes the predicted force co-

efficient vector at time tk, C(tk) is the corresponding wind tun-
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nel measurement, and N is the total number of temporal sam-
ples.

(2) Time-Rate Consistency Loss To suppress non-physical
rapid oscillations, a temporal rate constraint is imposed:

Lrate =
1

N −1

N−1

∑
k=1

∥∥∥∥∥
Ĉ(tk+1)− Ĉ(tk)

∆t

∥∥∥∥∥
2

2

(3)

where ∆t is the sampling interval.

(3) Cross-Component Covariance Loss The covariance
structure among force components is preserved using:

Lcov =
∥∥ΣĈ −ΣC

∥∥2
F (4)

where ΣĈ and ΣC denote the covariance matrices of predicted
and reference force coefficients, respectively, and ∥ · ∥F is
the Frobenius norm. This loss maintains physically consis-
tent coupling between along-wind, across-wind, and torsional
components.

(4) Power Spectral Density Loss To enforce realistic
frequency-domain characteristics, the normalized power spec-
tral density (PSD) is constrained:

Lpsd =
1
3 ∑

q∈{ f x, f y,mz}

∥∥∥S̃pred
q ( f )− S̃ ref

q ( f )
∥∥∥

2

2
(5)

where S̃q( f ) denotes the PSD normalized by its total energy
for component q, and superscripts ”pred” and ”ref” indicate
predicted and reference spectra, respectively. This constraint
preserves physically meaningful energy distribution across
frequency bands.

(5) Inter-Story Coherence Loss Spatial correlation along
the building height is enforced using an inter-story coherence
loss:

Lcoh =
1
|P| ∑

(i, j)∈P

∥∥γ̂i j( f )− γi j( f )
∥∥2

2 (6)

where γi j( f ) is the magnitude-squared coherence between sto-
ries i and j at frequency f , γ̂i j( f ) is the predicted coherence,
and P denotes the set of considered story pairs. This loss en-
sures physically realistic vertical correlation of wind forces.

4 VALIDATION RESULTS

4.1 Training Performance
Figure 1 presents regression analysis of PINN-predicted ver-
sus true force coefficients. The model achieves excellent accu-
racy with R2 = 0.928 (Cfx), R2 = 0.932 (Cfy), and R2 = 0.817
(Cmz). RMSE values of 0.087, 0.124, and 0.026 indicate tight
clustering around ideal prediction.

Beyond point-wise accuracy, the regression slope remains
close to unity for all components, indicating minimal system-
atic bias over the full dynamic range. Importantly, errors do

not concentrate in extreme events: high-amplitude gust-driven
peaks and troughs remain within the same error envelope as
moderate fluctuations, which is critical for downstream re-
sponse estimation where tail behavior governs demand.

Residual analysis confirms that prediction errors remain ap-
proximately symmetric without floor-dependent bias, ensuring
robustness for subsequent structural response evaluation. The
observed stability indicates that the proposed physics head acts
as a regularizer that improves robustness without compromis-
ing overall accuracy.

4.2 Time-History Comparison (Top Floor)
Wind force time histories are inherently stochastic, and strict
point-wise agreement between predicted and measured signals
is neither expected nor required for engineering applications.
Therefore, time-history comparison is presented only as a rep-
resentative example to confirm that the predicted signals ex-
hibit physically reasonable amplitude, intermittency, and tem-
poral continuity.

Figure 2 shows the time-history comparison at the top floor
(25F) for along-wind, across-wind, and torsional components.
The PINN predictions reproduce the overall fluctuation level
and intermittency observed in the reference data, without in-
troducing spurious oscillations or artificial periodicity. This
confirms that the proposed model generates temporally real-
istic wind force signals suitable for long-duration structural
response analysis.

4.3 Height-wise Distribution of Mean and Stan-
dard Deviation

While time-history comparison is useful for confirming tem-
poral realism, quantitative evaluation for wind-resistant design
should be based on statistical measures that directly govern
structural demand. In particular, the height-wise distributions
of mean and fluctuating wind effects play a central role in es-
timating base shear, overturning moment, and story-wise re-
sponse.

Figure 3 presents the height-wise distributions of the mean
along-wind force and the standard deviations of along-wind
force, across-wind force, and torsional moment. The mean
along-wind component, which dominates quasi-static loading,
is accurately reproduced over the entire building height. In
addition, the predicted standard deviations show close agree-
ment with the reference results for all components, indicating
that the fluctuating wind effects are properly captured.

Compared with the baseline CNNL method, the proposed
PINN significantly reduces deviations in both mean and stan-
dard deviation, particularly in the upper stories where wind-
induced responses are most critical. These results demonstrate
that the proposed method provides an improved representation
of the statistical characteristics required for reliable response-
based wind design.

4.4 Power Spectral Density Analysis
Figures 4-5 compare PSD among baseline CNNL, proposed
PINN, reference, and AIJ standards. Quantitative compari-
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nel measurement, and N is the total number of temporal sam-
ples.

(2) Time-Rate Consistency Loss To suppress non-physical
rapid oscillations, a temporal rate constraint is imposed:

Lrate =
1

N −1

N−1

∑
k=1

∥∥∥∥∥
Ĉ(tk+1)− Ĉ(tk)

∆t

∥∥∥∥∥
2

2

(3)

where ∆t is the sampling interval.

(3) Cross-Component Covariance Loss The covariance
structure among force components is preserved using:

Lcov =
∥∥ΣĈ −ΣC

∥∥2
F (4)

where ΣĈ and ΣC denote the covariance matrices of predicted
and reference force coefficients, respectively, and ∥ · ∥F is
the Frobenius norm. This loss maintains physically consis-
tent coupling between along-wind, across-wind, and torsional
components.

(4) Power Spectral Density Loss To enforce realistic
frequency-domain characteristics, the normalized power spec-
tral density (PSD) is constrained:

Lpsd =
1
3 ∑

q∈{ f x, f y,mz}

∥∥∥S̃pred
q ( f )− S̃ ref

q ( f )
∥∥∥

2

2
(5)

where S̃q( f ) denotes the PSD normalized by its total energy
for component q, and superscripts ”pred” and ”ref” indicate
predicted and reference spectra, respectively. This constraint
preserves physically meaningful energy distribution across
frequency bands.

(5) Inter-Story Coherence Loss Spatial correlation along
the building height is enforced using an inter-story coherence
loss:

Lcoh =
1
|P| ∑

(i, j)∈P

∥∥γ̂i j( f )− γi j( f )
∥∥2

2 (6)

where γi j( f ) is the magnitude-squared coherence between sto-
ries i and j at frequency f , γ̂i j( f ) is the predicted coherence,
and P denotes the set of considered story pairs. This loss en-
sures physically realistic vertical correlation of wind forces.

4 VALIDATION RESULTS

4.1 Training Performance
Figure 1 presents regression analysis of PINN-predicted ver-
sus true force coefficients. The model achieves excellent accu-
racy with R2 = 0.928 (Cfx), R2 = 0.932 (Cfy), and R2 = 0.817
(Cmz). RMSE values of 0.087, 0.124, and 0.026 indicate tight
clustering around ideal prediction.

Beyond point-wise accuracy, the regression slope remains
close to unity for all components, indicating minimal system-
atic bias over the full dynamic range. Importantly, errors do

not concentrate in extreme events: high-amplitude gust-driven
peaks and troughs remain within the same error envelope as
moderate fluctuations, which is critical for downstream re-
sponse estimation where tail behavior governs demand.

Residual analysis confirms that prediction errors remain ap-
proximately symmetric without floor-dependent bias, ensuring
robustness for subsequent structural response evaluation. The
observed stability indicates that the proposed physics head acts
as a regularizer that improves robustness without compromis-
ing overall accuracy.

4.2 Time-History Comparison (Top Floor)
Wind force time histories are inherently stochastic, and strict
point-wise agreement between predicted and measured signals
is neither expected nor required for engineering applications.
Therefore, time-history comparison is presented only as a rep-
resentative example to confirm that the predicted signals ex-
hibit physically reasonable amplitude, intermittency, and tem-
poral continuity.

Figure 2 shows the time-history comparison at the top floor
(25F) for along-wind, across-wind, and torsional components.
The PINN predictions reproduce the overall fluctuation level
and intermittency observed in the reference data, without in-
troducing spurious oscillations or artificial periodicity. This
confirms that the proposed model generates temporally real-
istic wind force signals suitable for long-duration structural
response analysis.

4.3 Height-wise Distribution of Mean and Stan-
dard Deviation

While time-history comparison is useful for confirming tem-
poral realism, quantitative evaluation for wind-resistant design
should be based on statistical measures that directly govern
structural demand. In particular, the height-wise distributions
of mean and fluctuating wind effects play a central role in es-
timating base shear, overturning moment, and story-wise re-
sponse.

Figure 3 presents the height-wise distributions of the mean
along-wind force and the standard deviations of along-wind
force, across-wind force, and torsional moment. The mean
along-wind component, which dominates quasi-static loading,
is accurately reproduced over the entire building height. In
addition, the predicted standard deviations show close agree-
ment with the reference results for all components, indicating
that the fluctuating wind effects are properly captured.

Compared with the baseline CNNL method, the proposed
PINN significantly reduces deviations in both mean and stan-
dard deviation, particularly in the upper stories where wind-
induced responses are most critical. These results demonstrate
that the proposed method provides an improved representation
of the statistical characteristics required for reliable response-
based wind design.

4.4 Power Spectral Density Analysis
Figures 4-5 compare PSD among baseline CNNL, proposed
PINN, reference, and AIJ standards. Quantitative compari-
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son of variance σ2 (PSD integral) demonstrates the superiority
of physics-informed constraints. In the along-wind direction,
baseline CNNL yields σ2

CNNL = 1,402,958 versus reference
σ2

Ref = 1,798,664 (22.0% error). The proposed PINN achieves
σ2

PINN = 1,897,265 with only 5.5% error—a fourfold improve-
ment. For across-wind, CNNL produces σ2

CNNL = 196,680
(28.0% error) while PINN reaches σ2

PINN = 253,119 (7.3% er-
ror), representing nearly fourfold accuracy gain. In torsion,
PINN (σ2

PINN = 3,753,343, 5.1% error) outperforms CNNL
(σ2

CNNL = 2,967,607, 25.0% error) with fivefold improvement.
The physics-informed constraints ensure realistic energy

distribution across frequency bands. CNNL exhibits system-
atic energy underestimation, particularly at low frequencies
governing quasi-static demand and at vortex-shedding peaks,
while PINN preserves broadband characteristics consistent
with reference spectra. By constraining spectral shape through
physics regularization, PINN provides reliable force time his-
tories for structural response prediction where energy accuracy
directly impacts design demand estimation.

4.5 Inter-Story Coherence Analysis

Figures 6–8 present the vertical coherence of wind forces be-
tween floors. The proposed coherence constraint reproduces
the physically expected decay with story separation for along-
wind components and preserves organized correlation near
characteristic frequencies such as vortex shedding. As a re-
sult, the predicted loading maintains realistic spatial correla-
tion across floors, which is essential for accurate modal super-
position and response estimation in base-isolated buildings.

4.6 Generalization and Robustness on Unseen
Geometry

A key objective is to verify that the proposed method gener-
alizes beyond the training set. The held-out building provides
an unseen geometry with distinct aerodynamic characteristics.
Despite exclusion from training, the PINN maintains consis-
tent accuracy and physics consistency across all three com-
ponents. In particular, PSD and coherence agreement remain
stable, indicating that the embedded physical constraints guide
extrapolation toward physically plausible signals even under
new geometric conditions.

This behavior contrasts with purely data-driven models,
which may fit training geometries well but degrade on unseen
shapes due to shortcut learning. The proposed two-stage archi-
tecture mitigates this risk: the baseline model captures generic
temporal structure, while the physics head corrects deviations
that would violate spectral and coherence constraints, leading
to improved robustness for design applications.

5 CONCLUSIONS
This study validated a two-stage physics-informed neural net-
work for wind load prediction using independent wind tunnel
data and AIJ-consistent physical constraints. The proposed
method achieves high predictive accuracy while preserving re-
alistic temporal behavior, spectral characteristics, and inter-
story coherence required for structural response estimation.
Part 2 will further quantify the impact on base-isolated struc-
tural responses.
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Figure 1: Regression analysis of PINN predictions: Cfx (left), Cfy (middle), Cmz (right)
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Figure 2: Representative time-history comparison at the top floor (25F): along-wind (X), across-wind (Y), and torsion (Z)

Figure 3: Height-wise distributions of mean and standard deviation of wind effects: comparison among PINN prediction, reference, and
baseline CNNL method

Figure 4: Baseline CNNL PSD vs AIJ

Figure 5: PINN PSD: Predicted, Reference, AIJ

Figure 6: Baseline CNNL coherence

Figure 7: Reference wind force coherence

Figure 8: PINN predicted coherence functions
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