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Abstract

Traditional approaches to urban real estate green value assessment rely heavily on single
structured data sources. Such methods often provide limited interpretability and fail to
capture multidimensional green attributes accurately. To address these limitations, this
study constructs a multimodal assessment framework that integrates image, text, and spa-
tial information. A housing price prediction model is developed based on a Multi-Layer
Perceptron architecture. Results show that the proposed method is superior to traditional
models (such as the Hedonic pricing model, Ridge regression, and eXtreme Gradient
Boosting, as well as single-modality control models). The core evaluation metric, mean
squared error, reaches 0.0505 + 0.0021. SHapley Additive exPlanations analysis shows that
the text modality provides the largest contribution to model prediction, accounting for
51.45% of the global contribution. However, this dominance reflects the model’s depend-
ence on textual green signals rather than the establishment of causal relationships. The
result may also be influenced by marketing language bias and symbolic sustainability sig-
nals. The image modality contributes 38.48%, while the spatial modality contributes
10.07%, indicating a complementary relationship among the three modalities. Green pre-
mium analysis confirms that the model achieves higher prediction accuracy for high-
priced residences and effectively captures differences in green premium across housing
price tiers. This study provides a new technical pathway for real estate green value assess-
ment.

Keywords: multimodal learning; real estate; graph neural network; green value

1. Introduction

The green value of real estate reflects a comprehensive embodiment of multidimen-
sional advantages (e.g., green buildings, ecological environments, and locational support-
ing facilities). Accurately accounting for such values can stabilize the running rhythm of
real estate markets; it also optimizes urban planning layouts, helps the implementation of
environmentally friendly buildings, and improves residential living quality [1]. At pre-
sent, the urban real estate market presents a diversified development. Homebuyers no
longer focus only on residential greening conditions; meanwhile, they also pay attention
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to the energy-saving performance, ecological amenities, and environmental quality. Un-
der these conditions, traditional valuation methods are no longer sufficient for measuring
green value comprehensively [2]. Conventional real estate valuation methods mainly rely
on the Hedonic pricing model and linear regression approaches. These methods typically
focus on structured indicators such as housing prices and floor area, while overlooking
complex environmental and semantic attributes. As a result, their capability to represent
green value remains limited [3]. With the fast development of artificial intelligence (AI)
technology, data-driven assessment methods provide a new technical path [4]. All kinds
of public data are becoming more and more popular, and deep learning-related algo-
rithms are also being continuously optimized. The advancement of multimodal technol-
ogy lays the foundation for deeply dismantling all kinds of core features of the green value
of real estate [5]. However, at present, existing data-driven real estate evaluation studies
focus on single-mode data application; in addition, they fail to achieve accurate evaluation
and an interpretable decomposition of green value.

To address these limitations, this study develops a data-driven multimodal frame-
work for real estate green value assessment based on the China Multi-Attribute Building
(CMAB) dataset. The framework integrates image, text, and spatial data to improve the
extraction of multidimensional green features and optimize multimodal fusion perfor-
mance. Housing price prediction and green premium interpretability analysis are con-
ducted within the unified framework. This study makes several contributions. First, im-
age, text, and spatial multi-source data are integrated into a unified multimodal valuation
framework. Second, unified feature mapping, cross-modal attention, and dynamic gating
mechanisms are introduced to alleviate modal imbalance and insufficient feature interac-
tion in conventional models. Third, SHapley Additive exPlanations (SHAP) analysis and
green premium analysis are incorporated to support quantitative decomposition of green
value drivers and economic-level interpretability. These improvements enhance the inter-
pretability and analytical capability of existing data-driven real estate valuation models.

To establish a clearer economic and urban-theoretical foundation for the concept of
green value, this study draws upon sustainable urban economics, environmental valua-
tion theory, and the Environmental, Social and Governance (ESG) asset pricing frame-
work to redefine real estate green value. Sustainable urban economics suggests that the
spatial distribution of urban green spaces and ecological infrastructure affects land and
housing prices through the mechanism of “green locational rent.” Residents generally ex-
hibit a significant willingness to pay for better air quality, richer urban greenery, and
lower urban heat island intensity [6]. Environmental valuation theory further argues that
environmental attributes, such as greening coverage and thermal comfort, function as
non-market goods whose implicit value can be estimated through feature-based pricing
methods. However, conventional approaches often struggle to capture nonlinear relation-
ships and visual perception factors [7,8]. The ESG asset pricing framework indicates that
real estate assets with higher ESG ratings tend to exhibit lower capitalization rates and
higher rental premiums. Green certifications and energy-saving descriptions serve as ob-
servable signals that reduce information asymmetry between buyers and sellers, thereby
becoming incorporated into capital market pricing mechanisms [9].

Based on these theoretical perspectives, this study conceptualizes real estate green
value as a multidimensional sustainability construct formed through the interaction of
four dimensions: environmental quality, market premium, signaling effects, and ecologi-
cal attractiveness. Environmental quality is measured using indicators such as the Green
View Index (GVI), Normalized Difference Vegetation Index (NDVI), and Land Surface
Temperature (LST). Market premium refers to the value-added component of transaction
prices attributable to green attributes. Signaling effects are represented through green cer-
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tification texts and energy-saving semantic descriptions. Ecological attractiveness in-
cludes spatial convenience indicators such as distance to parks, public transportation ac-
cessibility, and Point of Interest (POI) density. These four dimensions are not independ-
ent. Instead, they are operationalized through three computational channels: visual per-
ception (image modality), semantic expression (text modality), and spatial structure (spa-
tial modality). Accordingly, the “green value” measured in this study represents a com-
prehensive construct that integrates environmental, market, signaling, and locational di-
mensions rather than a simple housing price prediction indicator.

The proposed framework operationalizes these theoretical foundations through sev-
eral technical components. First, the image modality quantifies visually perceivable di-
mensions of ecosystem services from the perspective of ecological economics. Second, the
text modality identifies green certifications and energy-saving signals within the context
of ESG-oriented housing research. Third, the spatial modality measures the spatial acces-
sibility and spatial equity of green facilities in relation to sustainable urban development.
Fourth, SHAP analysis reveals the pricing mechanisms associated with green attributes
from the perspective of sustainable consumption behavior. Through multimodal fusion,
the framework integrates fragmented dimensions of green value from different theoretical
traditions into a unified assessment system, thereby supporting the transition from theo-
retical conceptualization to technical implementation.

More specifically, the major contributions of this study are summarized as follows.

(1) Innovation in multimodal fusion architecture: A unified valuation framework inte-
grating image-based Vision Transformer (ViT), text-based Bidirectional Encoder
Representations from Transformers (BERT), and spatial Graph Convolutional Net-
work (GCN) is proposed. Cross-modal attention and dynamic gating mechanisms
are introduced to achieve adaptive information integration across modalities and al-
leviate the limitations of insufficient information dimensionality in conventional sin-
gle-modality models.

(2) Operational definition of green value: Green value is quantified for the first time
through three dimensions: visual perception, semantic expression, and spatial struc-
ture. A computable and interpretable assessment indicator system for real estate
green value is established.

(3) Integration of explainable Al and sustainable real estate valuation: SHAP analysis is
incorporated to conduct both global and local interpretation of the multimodal fusion
model. The marginal contributions of different modalities to green premium are
quantitatively estimated, providing a transparent analytical tool for identifying the
driving mechanisms of green value.

(4) Differentiated green premium interpretation framework: A housing price tier-based
green premium analysis framework is constructed. The framework reveals the dom-
inant role of green semantic labels in high-priced residences and demonstrates the
declining contribution of spatial attributes across higher housing price tiers. These
findings provide empirical evidence for differentiated market dynamics.

(5) Extension of multimodal applications based on the CMAB dataset: The CMAB da-
taset is extended from conventional structured-data applications to multimodal deep
learning scenarios. The applicability of the dataset to green value assessment is vali-
dated, providing a new data foundation for multimodal real estate valuation re-
search.

2. Literature Review

In recent years, the application of Al technology to real estate valuation has become
a research hotspot in both academia and industry, leading to substantial methodological
progress [10]. In the context of real estate green premium assessment, Copiello and Coletto
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[11] combined a spatial autoregressive model with a multi-criteria optimization approach
to evaluate green value premiums in real estate markets. An, et al. [12] developed green
indices via street view imagery and constructed a regression analysis model integrated
with spatial interpolation techniques. Their findings suggested a negative correlation be-
tween street greening and housing prices. The study also indicated that different green
indicators exhibited complementary characteristics, thereby providing a practical analyt-
ical framework for sustainable urban development. Walacik and Chmielewska [13] exam-
ined the relationship between real estate prices and environmental sustainability using an
Al-driven analytical framework. Their results showed that the Random Forest (RF)
method was good at dealing with the non-linear relationship and providing an evaluation
of feature importance. The method demonstrated stable performance in sustainable real
estate valuation and offered advantages over conventional multiple regression ap-
proaches. To investigate the effects of environmental facilities and energy efficiency on
real estate prices, Pellizzari, et al. [14] used the Hedonic pricing model. Their study
demonstrated how urban green spaces and energy efficiency influenced real estate value
under rapid urbanization conditions. Xu, et al. [15] estimated the green value of buildings
by integrating land-use data with street view imagery through machine learning algo-
rithms. The results indicated that environmental quality exerted a positive influence on
housing prices, highlighting the importance of ecological factors in urban planning. Le-
draa and Aldubikhi [16] pointed out that the influence of green spaces on real estate value
varied across local communities and environmental contexts. Their findings provided em-
pirical evidence and planning implications for localized data-driven green value assess-
ment. Alfarhood, et al. [17] demonstrated that using satellite data and deep learning tech-
nology together could improve how well image recognition performance and expanded
the analytical potential of green value assessment in real estate research.

At the same time, multimodal Al approaches for real estate valuation have developed
rapidly in recent years. Huang, et al. [18] conducted a comprehensive review of multi-
modal machine learning applications in real estate valuation and identified three major
challenges in current research: difficulties in modality alignment, insufficient cross-modal
interaction modeling, and limited interpretability. The present study directly addresses
these challenges by introducing a unified mapping space for modality alignment, a cross-
modal attention mechanism for interaction modeling, and SHAP analysis for multimodal
interpretability. Compared with the existing studies summarized by Huang, Liang, Li and
Chen [18], the distinctive contribution of this study lies in the specialization of the multi-
modal fusion framework for green value assessment and the introduction of a dynamic
gating mechanism for sample-adaptive fusion, an area that has received limited attention
in previous research. From a theoretical perspective, several research gaps remain. In the
field of sustainable urban economics, Wang, et al. [19] reported that green premium ex-
hibited substantial spatial heterogeneity, although their analysis did not integrate multi-
source heterogeneous data. Within environmental valuation theory, Aziz, et al. [20] ar-
gued that although the Hedonic pricing model could estimate the marginal value of real
estate attributes, its reliance on linear assumptions and structured data limited its ability
to capture nonlinear interaction effects. In the context of sustainability transition research,
Diarra [21] discussed the multi-level perspective proposed by Geels, emphasizing the co-
evolution of technology, institutions, and user practices. Green real estate valuation cur-
rently represents a critical intersection between technological systems, such as Al algo-
rithms, and institutional systems, including green certification frameworks. Regarding
ESG-related asset pricing, Vonlanthen [22] confirmed the positive influence of Leadership
in Energy and Environmental Design (LEED) certification on commercial real estate rents
and prices. However, his study primarily relied on a single certification variable and
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lacked a systematic representation of multidimensional green attributes. In addition, ex-
isting studies provide limited micro-level evidence regarding the transmission mecha-
nisms between environmental policy and green value formation. Hu, et al. [23] employed
a quasi-natural experimental design based on Chinese manufacturing enterprise data
from 2012 to 2023. Their findings indicated that environmental tax reform significantly
promoted green technological innovation by altering the relative market value of green
and non-green technologies, research and development investment intensity, and produc-
tivity. The study revealed a micro-level transmission pathway through which environ-
mental policy influenced green value, namely: policy incentives — technological innova-
tion — environmental performance improvement — asset value capitalization. Neverthe-
less, the analysis focused on manufacturing enterprises and did not extend to real estate
assets. The present study incorporates institutional policy signals, represented by green
certifications within the text modality, into the multimodal assessment framework. In this
way, the framework captures the capitalization effect of environmental policy in the real
estate sector and extends the analysis of micro-level transmission mechanisms. Through
multimodal fusion, the proposed framework integrates these theoretical perspectives into
a unified technical pathway and supports a methodological transition from single-attrib-
ute analysis to multidimensional collaborative assessment.

Although previous studies have generated important findings within their respective
domains, several limitations remain when examined from the interdisciplinary perspec-
tives of sustainable urban economics, environmental valuation theory, and ESG asset pric-
ing. First, a contradiction exists between the single-dimensional nature of existing data
and the multidimensional characteristics of green value. Traditional Hedonic pricing
models and machine learning approaches mainly rely on structured attributes such as
floor area, building age, and location. Consequently, these methods struggle to capture
visually perceived green attributes derived from street view imagery and semantic certi-
fication information embedded in textual descriptions. While some studies have intro-
duced street view images, text semantic information has generally not been integrated. As
a result, key signals such as green certifications and energy-saving descriptions remain
underrepresented. Second, existing studies face a trade-off between model interpretability
and prediction accuracy. Previous research improved predictive performance through
methods such as RF, yet the black-box nature of these models limits the identification of
green value driving mechanisms. Quantitative decomposition of multimodal feature con-
tributions remains insufficient, making it difficult to determine which green attributes ex-
ert the strongest influence on housing prices. Third, current studies often assume homo-
geneous green premium effects despite substantial differences across housing price tiers.
Most existing analyses treat green premium as a fixed effect and overlook structural vari-
ation in the contribution of green attributes across market segments. The composition of
green value in high-priced residences may differ fundamentally from that in low-priced
residences, although empirical verification remains limited. Fourth, spatial dependency
modeling in existing research remains relatively simplified. Conventional spatial econo-
metric models, including spatial autoregressive models, incorporate geographic neigh-
borhood effects primarily through fixed spatial weight matrices. Such approaches cannot
adaptively adjust spatial association strength according to attribute similarity. Graph neu-
ral networks provide a more flexible solution for modeling spatial dependency; however,
their application in real estate green value assessment has rarely been explored.
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3. Research Methodology
3.1. Research Data and Framework

Based on the CMAB dataset [24], this study constructs a multimodal real estate green
value assessment framework that integrates image, text, and spatial information. The
framework is designed to achieve accurate housing price prediction and interpretable de-
composition of green premiums. The proposed model is different from traditional hedonic
price models only by relying on structural variables. The green value of real estate is de-
picted from three dimensions: visual perception, semantic expression, and spatial struc-
ture. Street view imagery, textual semantic information, and remote sensing data are in-
corporated to support multidimensional representation of green attributes.

From a theoretical perspective, real estate prices are generally influenced by general
factors, regional factors, individual factors, and green characteristic factors [25]. To facili-
tate subsequent modeling, these factors are mapped into a unified multimodal feature
system, as presented in Table 1.

Table 1. Mapping relationship between real estate value influencing factors and multimodal data.

Factor Hierar- . . Modality Map- )
Theoretical Connotation ] y P Main Feature Sources
chy ping
Macroeconomy, social environ- . Lo
General factors Y Control variables Annual/quarterly macro statistical data

ment, policy environment

Location conditions, traffic con-

Regional fac-
tors

Individual fac- Building physical attributes and = Spatial structure
tors structural characteristics modality
Environmental quality, energy
use, water resource use, and ma-

Green charac-
teristic factors

venience, and commercial pros- Spatial modality

terial resources

POI density, road network density, distances to

perity park, and subway accessibility

CMAB attribute data (area, building age)

Image modality + Street view greenery rate, NDVI, LST, green cer-
Text modality tification, energy-saving description, etc.

Given the i-th property sample, its multimodal input and prediction target are cal-
culated as:

Vi = M(X;6), X = {0, Ty, g1, vi} 1

I; and T; are the image set and text information corresponding to the i-th sample,
respectively; g; is the building structural attribute vector; p; refers to the geographic co-
ordinates of the property; J; stands for the predicted logarithmic housing unit price; M
denotes the multimodal valuation model; and 6 represents the model parameters.

3.2. Image Modality Feature Extraction

The image modality reflects the environmental quality dimension of green character-
istic factors and covers two levels: street-level visual greenery and the regional ecological
environment.

Street view imagery captures residents’ visual perception of greenery from the pe-
destrian perspective and therefore provides an important representation of environmen-
tal quality [26]. In this study, street view images are uniformly collected along the sur-
rounding road network within a predefined radius centered on each property coordinate.
Assuming that K; street view images are collected for the i-th sample, the GVI is calcu-
lated by Equation (2).

1 Ki NigI:een
GVI, = —Z :

K. N.total
Pk=1 bk

2)
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GVI; denotes the average street-level greenery ratio for sample i, K; represents the
number of street view images corresponding to the sample; N " is the number of pix-
els identified as green vegetation in the k-th street view image; and N/g*® stands for the
total number of pixels in the corresponding image. A higher GVI value indicates richer
surrounding greenery and a stronger perceivable green environment for residents.

However, GVI alone cannot fully represent higher-order visual information embed-
ded in street view imagery, such as environmental quality, spatial openness, and aesthetic
characteristics. Therefore, this study employs the ViT to extract deep semantic visual fea-
tures from street view images [27]. For the k-th image Ii(k), the ViT encoding process is

expressed as follows:

h® = vir(1%) e R% 3)
hgk) refers to the visual feature vector of the k-thimage, and d,, denotes the dimen-
sion of the visual embedding space. These deep visual features characterize complex
green-related attributes in street scenes, including vegetation morphology, road openness,
and environmental cleanliness.

Remote sensing imagery is further used to extract the NDVI and LST indicators
[28,29]; this reflects the regional ecological environment at a broader spatial scale. The
corresponding calculations are defined as follows:

vy - VIR — RED; A
"7 NIR; + RED; @
LST; = fise(B1o, T, €) ®)

NIR; and RED; stand for the reflectance values of the near-infrared and red spectral
bands, respectively. Higher NDVI values indicate greater vegetation coverage and better
ecological conditions. B;, represents the original observed value of the Landsat thermal
infrared band; 7 is the atmospheric correction parameter; ¢ denotes land surface emis-
sivity; and f;;; means the LST inversion function.

The image modality feature fiimg consists of both interpretable indicators (GVI;,
NDVI;, and LST;) and deep semantic features (hgk)).

3.3. Text Modality Feature Extraction

The text modality represents the energy utilization dimension within green charac-
teristic factors of real estate assets. Most text modality information is derived from pub-
licly available or official green certification documents.

To capture contextual semantic information in textual data, this study employs
BERT-base-Chinese for text encoding. Let the text sequence corresponding to sample i be
T; = [wy, Wy, ...,w, ], where L is the text length. The hidden state matrix is obtained as fol-
lows:

HpP'* = BERT (T;) € R~ (6)

HPe™* represents the contextual text representation, and d; denotes the hidden layer
dimension of BERT.

Since not all words contribute equally to green value assessment, an attention pool-
ing mechanism is introduced to emphasize green-related semantic information and im-
prove feature extraction accuracy. Let h;; denote the hidden representation of the j-th
word in sample i. Its intermediate attention representation is given as follows.

ul']' = tanh (Wah” + ba) (7)

W, is the attention projection matrix; b, represents the bias term; and u;; refers to
the intermediate hidden vector.
The corresponding attention weight is calculated as Equation (8).
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exp (Vt;ruij)

m=1 €xp (Vg Uim)

aij = 8)
a;; represents the importance weight of the j-th word in sample i, and v, denotes
the learnable context vector.

Based on the attention weights, the textual semantic feature is aggregated as follows:
L

form = Z ajhy; )
j=1

21" denotes the attention-aggregated textual semantic vector. This representation
emphasizes semantic information directly related to green value, including terms such as
“energy conservation”, “photovoltaic”, “green building materials”, “low carbon”, and

“sponge city”.
For green certification information extracted from textual data [30], such as LEED,
China Green Label, and corresponding certification levels, categorical embedding is
adopted for feature encoding. Let ¢; denote the certification category. Its embedding rep-

resentation is defined as Equation (10).
eicert = LEcert [Ci] € Rdc (10)

cert
i

ding dimension.

e represents the certification category embedding, and d. denotes the embed-
The final text modality feature combines textual semantic features and certification
embeddings:

f'tXt — [fiattn’ eicert] (11)

L

3.4. Spatial Modality Feature Extraction

The spatial modality represents regional and individual factors and serves as the
most fundamental and stable source of structured information in real estate valuation [31-
33].

The basic spatial feature representation is constructed by concatenating regional and
individual factors as follows:

spa0 __ region rind
f = [0 fine] )
= [(dpark' dsubway' dschool' Pror p‘road)' (age' area, 1st‘ructu‘re' 1orientation)]

£re9°" and fi"® stand for regional and individual factors, respectively; dpar,
dsubway, and dscpoo; denote the distances to the nearest park, subway station, and high-
quality school; ppo; represents the density of Points of Interest (POI) within a predefined
radius; and p;4qq is road network density. The variable age indicates building age, and
area refers to floor area. 1giycrure aNA 1grientation are one-hot encoded variables corre-
sponding to building structural type and orientation.

To capture neighborhood dependency among properties, a spatial graph G = (V,E)
is constructed, where V and E are the sets of property nodes and graph edges, respec-
tively. An edge is established between two properties when the geographic distance be-
tween them is smaller than the threshold e. The normalized adjacency matrix 4 is de-
fined as follows:

Ldj<ei#]j

1
0, otherwise (13)

- a1
A = D ZAD Z'Al']' = {
A is the raw adjacency matrix (unnormalized); D refers to the degree matrix (D;; =

% 4ij); Ajj indicates whether samples i and j are adjacent; d;; is the geographic dis-
tance between the two properties, and € represents the adjacency threshold.
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A two-layer GCN is employed to propagate and aggregate spatial dependency infor-
mation. The propagation process is defined as Equation (14).

p+1) — a(AH(”W(”) (14)

H® is the I-th layer’s node feature matrix; W® denotes the learnable weight ma-
trix; o refers to the activation function, which is set to Rectified Linear Unit (ReLU). The
input layer is initialized as H©® = X = f7%°.

After two layers of graph propagation, the final spatial representation is obtained as
follows:

fir* = H® (15)

L

3.5. Real Estate Valuation Under the Multimodal Fusion Mechanism

The image, text, and spatial features in this study originate from different data
sources. Direct feature concatenation may lead to unbalanced modal imbalance and insuf-
ficient cross-modal interaction. To address this issue, a multimodal fusion mechanism is
therefore proposed to achieve adaptive information integration through unified feature
mapping, cross-modal attention, and dynamic gating.

First, the three modality features are projected into a unified feature space, allowing
heterogeneous modalities to interact within a consistent representation dimension [34,35].
To capture complementary relationships across modalities, a cross-modal attention mech-
anism is employed; thus, visual, textual, and spatial features can mutually reinforce fea-
ture representation. Considering that the composition of green value varies across differ-
ent property types, a dynamic gating mechanism is introduced to assign adaptive modal-
ity weights. The importance of each modality is automatically adjusted through the gating
process, and the weighted fusion features are subsequently used for housing price predic-
tion and green premium analysis. The multimodal fusion process is defined as follows:

fusion __ img’ txt’ spa’
fi - gi,imgzi + gi,txtzi + gi,spazi (16)

ziimg ’ , ZitXt’ , and z; pa! represent the image, text, and spatial features enhanced
through cross-modal attention, respectively. g;img, Gitxt, and g;spq are the dynamic
weights assigned to the corresponding modalities.

Based on the multimodal fusion features, a Multi-Layer Perceptron (MLP) is con-
structed for housing price prediction [36]. The MLP captures complex nonlinear relation-
ships between multimodal features and housing prices. Logarithmic housing price is used
as the prediction target, and model training is conducted by minimizing the mean squared
error (MSE) between predicted and actual values. An L2 regularization term is incorpo-
rated to reduce overfitting risk.

To improve model interpretability, this study introduces SHAP analysis [37] to iden-
tify the driving mechanisms of green value. SHAP quantifies the marginal contribution of
each feature to individual prediction outcomes and further decomposes these contribu-
tions into image, text, and spatial modality components associated with green premium.
This decomposition clarifies the main sources of green value and enables comparison of
modal effects across different property samples.

The loss function used for model training is defined as Equation (17).
N
1 5.2 2
L= Gi=90%+A1013 (17)
i=1

y; refers to the real logarithmic housing price of sample i; P; is the model’s pre-
dicted value; N stands for the number of samples; 6 represents the model parameter;
and A denotes the regularization coefficient.
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The overall framework of this study is displayed in Figure 1.
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Mapping

Output |

Cross-modal

Attention

SHAP Analysis Dynamic Gating
@z Pren.num Price Prediction Output
Analysis

Figure 1. Overall framework of the proposed model.

The proposed framework integrates several large-scale deep learning components,
including ViT, BERT, and GCN. As a result, the framework involves relatively high com-
putational complexity. Therefore, computational sustainability should also be considered.
According to the systematic review conducted by Verdecchia, et al. [38], the core princi-
ples of Green Al include model efficiency, data efficiency, and hardware efficiency.

This study follows Green Al principles in several aspects.

(1) Model efficiency: A pretraining-finetuning strategy is adopted. The lower layers of
ViT and BERT are frozen, while only the top four layers are finetuned, reducing ap-
proximately 60% of trainable parameters. Mixed-precision training (FP16) is further
employed to reduce Graphics Processing Unit (GPU) memory usage and computa-
tional energy consumption. An early stopping strategy (patience = 20 epochs) is also
introduced to avoid unnecessary training iterations.

(2) Data efficiency: The publicly available CMAB dataset is utilized to avoid repeated
data collection. Data augmentation techniques, including random flipping and
brightness adjustment, are applied to increase the effective sample size and reduce
dependence on additional data acquisition.

(3) Hardware efficiency: All experiments are conducted using a single NVIDIA RTX
4090 GPU without relying on distributed computing clusters. Gradient accumulation
is adopted to simulate large-batch training while reducing hardware requirements.

4. Experimental Setup and Performance Evaluation
4.1. Experimental Environment and Parameter Settings

Experiments in this study are conducted on a high-performance computing platform
equipped with an NVIDIA RTX 4090 GPU for deep neural network training. The Central
Processing Unit (CPU) is an Intel Core i9-13900K, and a high-speed Non-Volatile Memory
Express Solid State Drive (NVMe SSD) is used for data storage. To optimize GPU memory
utilization, mixed-precision training and gradient accumulation strategies are adopted.
These configurations support efficient multimodal feature processing and large-scale
model training while maintaining computational stability and experimental reproducibil-
ity.

The CMAB dataset used in this study was developed by the research team led by
Long Ying at Tsinghua University. The dataset represents the first national-scale, high-
precision, multi-attribute building dataset covering urban built environments across
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mainland China. It includes approximately 31 million buildings distributed across 31
provinces, autonomous regions, and municipalities, excluding Hong Kong, Macao, and
Taiwan. The dataset covers 3667 urban spatial units, with a total rooftop area of 23.6 bil-
lion square meters and a total building volume of 363 billion cubic meters. From this da-
taset, 8542 real estate samples containing complete multimodal information are selected
for analysis. The samples are distributed across 12 major Chinese cities, including first-
tier, new first-tier, and second-tier cities, thereby ensuring representativeness and spatial
heterogeneity. Specifically, first-tier cities, including Beijing, Shanghai, Guangzhou, and
Shenzhen, account for 34.2% of the samples. New first-tier cities, including Hangzhou,
Chengdu, Wuhan, and Nanjing, account for 41.5%, while second-tier cities, including
Xi’an, Changsha, and Zhengzhou, account for 24.3%. The data collection period spans
from 2019 to 2024. The training dataset covers 2019-2022, the validation dataset corre-
sponds to 2023, and the testing dataset corresponds to 2024. Street view imagery is pri-
marily derived from 2022 to 2024 Google Earth imagery with a spatial resolution ranging
from 0.3 to 1 m.
The data preprocessing procedure is summarized as follows.

(1) Missing value processing: For structured features such as floor area and building age,
K-Nearest Neighbors (KNN) imputation with k =5 is applied. Samples with missing
image data are removed, while missing textual descriptions are replaced with the
placeholder “no description.”

(2) Outlier detection: Housing price outliers are identified using the Interquartile Range
(IQR) method, and samples exceeding 1.5 times the IQR are removed. For image
quality control, samples with image resolutions lower than 224 x 224 or blur indica-
tors exceeding predefined thresholds are excluded.

(3) Data normalization: Continuous variables are standardized using Z-score normali-
zation. Categorical variables, including structural type and orientation, are encoded
using one-hot encoding. The housing price target variable is logarithmically trans-
formed to alleviate right-skewed distributions.

(4) Image preprocessing: Street view images are uniformly resized to 224 x 224 pixels.
Data augmentation techniques, including random horizontal flipping, brightness ad-
justment (+15%), and contrast enhancement (+10%), are applied. Remote sensing im-
ages are resampled to the same resolution as the street view imagery.

The adjacency threshold used for constructing the spatial association graph is deter-
mined through the following procedure. First, statistical characteristics of pairwise geo-
graphic distances among all samples, including the mean, median, and standard devia-
tion, are analyzed. Second, candidate thresholds of 300 m, 500 m, 800 m, 1000 m, and 1500
m are selected according to the commonly adopted neighborhood effect ranges in urban
planning and real estate studies, which typically vary between 500 and 1000 m. Third,
grid-based optimization is conducted using validation-set MSE as the objective function.
The optimal spatial adjacency threshold is determined to be 800 m.

Sensitivity analysis further indicates that when the threshold varies between 600 m
and 1200 m, fluctuations in overall model performance remain below 8%, suggesting that
the selected threshold exhibits satisfactory robustness.

This study divides the dataset into training, validation, and testing subsets according
to an 8:1:1 ratio. The partition strategy is designed based on the following considerations.
First, allocating 80% of the samples to the training set enables the deep learning frame-
work to sufficiently learn and fit complex multimodal feature representations. Second,
assigning 10% of the samples to both the validation and testing sets supports effective
hyperparameter optimization and objective evaluation of model generalization ability. To
avoid spatial data leakage, a geographic grid-based partitioning strategy is adopted. The
entire study area is first divided into standard geographic grids of 1 km x 1 km. Stratified
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sampling is then performed at the grid level to ensure that all samples within the same
grid are assigned exclusively to a single dataset subset. This strategy prevents cross-da-
taset leakage of spatial neighborhood information.

The hyperparameters of each module in the proposed multimodal housing price as-
sessment framework are determined through a combination of domain knowledge, stand-
ard pretrained model configurations, and validation-based optimization results. The vis-
ual branch employs the pretrained ViT-Base-Patch16-224 model initialized on the
ImageNet dataset and subsequently finetuned for real estate scene analysis. All images
are resized to 224 x 224 pixels. A 768-dimensional visual embedding space is adopted to
maintain consistency with the text branch. Only the final four layers of the ViT are fine-
tuned, while lower layers remain frozen to preserve general visual representations. The
text branch utilizes the pretrained BERT-base-Chinese model adapted to Chinese-lan-
guage contexts. The maximum text input length is set to 512 tokens to accommodate most
real estate description samples. The model retains the standard configuration of 768 hid-
den dimensions and 12 attention heads. During feature fusion, an attention pooling layer
reduces the unified 768-dimensional feature representation to 256 dimensions. A dropout
rate of 0.2 is applied to mitigate overfitting. The spatial Graph Convolutional Network
(GCN) module adopts a two-layer convolutional architecture to avoid excessive node fea-
ture smoothing. The hidden layer dimension is set to 256 to balance representational ca-
pacity and computational efficiency. Based on geographic distance grid search, the spatial
adjacency threshold is determined to be 800 m. The ReLU activation function is employed
for spatial feature modeling. The cross-modal interaction module uses eight attention
heads with a 64-dimensional representation for each head to achieve deep alignment
among image, text, and spatial features. The dynamic gating network adopts a hierar-
chical structure of [256, 512] and applies a standard temperature coefficient of 1.0 to reg-
ulate modality fusion weights. The final MLP housing price prediction network adopts
hidden layer dimensions of [512, 256, 128], together with a dropout rate of 0.3 and ReLU
activation, to further reduce overfitting risk. The overall training process employs the
Adam optimizer with an initial learning rate of 0.001. A cosine annealing strategy is
adopted for smooth learning rate decay. Considering GPU memory limitations, the batch
size is set to 64, and the maximum number of training epochs is fixed at 200. An L2 regu-
larization coefficient of 0.0001 is incorporated to constrain parameter complexity. In addi-
tion, an early stopping mechanism with a patience value of 20 epochs is applied. Training
terminates when the validation-set MSE fails to improve continuously within the specified
patience interval. This configuration balances convergence performance, generalization
capability, computational efficiency, and hardware adaptability.

Hyperparameter optimization is conducted through a hybrid strategy combining hi-
erarchical grid search and Bayesian optimization. First, coarse-grained grid search is per-
formed for core hyperparameters, including learning rate, batch size, and regularization
coefficient. Subsequently, fine-grained parameter optimization is conducted using a
Bayesian optimization algorithm based on the Tree-structured Parzen Estimator, guided
by validation-set performance. Each parameter configuration is evaluated through three
independent repeated experiments, and the average experimental results are used as the
final performance criterion. This study adopts MSE, mean absolute error (MAE), and root
mean squared error (RMSE) as evaluation metrics for comprehensive model comparison.
Baseline models include the traditional Hedonic pricing model, Ridge Regression, RF, and
eXtreme Gradient Boosting (XGBoost).
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4.2. Performance Evaluation

To improve the stability and reliability of the experimental results, all models are
evaluated through five independent repeated experiments. The comparative results of the
proposed algorithm and baseline models are demonstrated in Figure 2 and Table 2.
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Figure 2. Comparison results of different algorithms.

Table 2. Comparative analysis of various algorithms (mean + standard deviation).

Method MSE MAE RMSE R

Hedonic 01258 +0.0042  0.2814 = 0.0068 0.346 = 0.0059 0.6245 + 0.0123

Ridge 0.1047 +0.0038  0.2241 £ 0.0054 0.324 = 0.0047 0.6873 +0.0108

RF 0.0876 +0.0035  0.2043 £ 0.0049 0.288 = 0.0043 0.7386 + 0.0095

XGBoost 00718 £0.0029  0.1847 £ 0.0043 0.2688 + 0.0038 0.7854 + 0.0082

Image-only 0.0905+0.0046  0.2132 % 0.0062 0.3015 + 0.0051 0.7298 +0.0115

Text-only 0.0866 +0.0043  0.2088 = 0.0059 0.2860 + 0.0048 0.7412 +0.0106

Spatial-only 00779 £0.0032  0.1953 £ 0.0045 0.2710 + 0.0039 0.7673 +0.0091

Simple MLP (3 layers) ~ 0.0892+0.0038  0.2187 +0.0053 0.2987 + 0.0045 0.7336 + 0.0102
CNN (Convolutional

Neural Network) s MLp 0072300031 0.1986 +0.0046 0.2689 + 0.0039 0.7841 + 0.0089

LSTM (Long Short- 08+ 00020  0.1924 +0.0042 0.2643 + 0.0036 0.7915 + 0.0083
Term Memory) + MLP

CNN+LSTM +MLP  0.0615+0.0025  0.1889 +0.0039 0.2480 + 0.0033 0.8162 + 0.0075

The proposed method  0.0505+0.0021  0.1961 +0.0038 0.226 + 0.0029 0.8491 + 0.0063

The proposed multimodal fusion method achieves the best overall performance
across all three error indicators compared with the four mainstream baseline methods,
namely the Hedonic pricing model, Ridge Regression, RF, and XGBoost. The proposed
framework achieves an MSE of 0.0505 + 0.0021, an RMSE of 0.2260 + 0.0029, and an MAE
of 0.1961 + 0.0038. These results indicate substantially lower prediction error and higher
stability than the comparison models. Compared with XGBoost, which achieves an MSE
of 0.0718 + 0.0029 and an RMSE of 0.2688 + 0.0038, the proposed framework reduces MSE
and RMSE by approximately 29.7% and 15.9%, respectively. These findings indicate that
the image—-text-spatial fusion strategy effectively captures the intrinsic relationships
among multidimensional features and integrates complementary information across het-
erogeneous modalities. The framework therefore improves predictive fitting capability
and model stability beyond what can be achieved using conventional single-model ap-
proaches. The results of the three single-modality control groups further demonstrate the
effectiveness of multimodal fusion. The spatial-only model achieves the strongest perfor-
mance among the single-modality baselines, with an MSE of 0.0779 + 0.0032, RMSE of
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0.2710 + 0.0039, and MAE of 0.1953 + 0.0045. In contrast, the image-only model produces
larger prediction errors, with an MSE of 0.0905 + 0.0046, RMSE of 0.3015 + 0.0051, and
MAE of 0.2132 + 0.0062. These findings suggest that spatial and locational attributes re-
main fundamental determinants of housing prices. However, reliance exclusively on vis-
ual environmental features or textual semantic information cannot adequately represent
the full range of real estate characteristics. Multimodal fusion effectively compensates for
the limitations of individual modalities and reduces prediction bias caused by single-di-
mensional feature representations.

The CNN + MLP and LSTM + MLP frameworks introduce image and text information
separately and therefore achieve better performance than the spatial-only baseline. Nev-
ertheless, their performance remains inferior to the proposed framework, indicating that
simple feature concatenation is insufficient to capture complex multimodal interaction ef-
fects. Although the CNN + LSTM + MLP framework further improves performance
through multimodal integration (MSE = 0.0615 + 0.0025), its error remains approximately
21.8% higher than that of the proposed framework. This result demonstrates the im-
portance of the cross-modal attention mechanism and dynamic gating strategy in opti-
mizing multimodal fusion performance. The performance improvement of the proposed
framework also benefits from the superior representation capabilities of ViT for image
feature extraction and BERT for semantic text understanding. Overall, the effectiveness of
the proposed framework originates from the collaborative interaction among three com-
plementary representation learning pathways. Specifically, the cross-modal attention
mechanism enables bidirectional information enhancement. Visual features extracted by
ViT provide spatial grounding for textual green semantics, while BERT-encoded textual
signals highlight green-related regions within visually complex street scenes and thereby
reduce visual ambiguity. In addition, the spatial embeddings generated by the GCN in-
troduce topological constraints into cross-modal interaction, ensuring that attention
weights between image—text feature pairs are modulated by geographic proximity. Sam-
ples sharing similar locational contexts therefore obtain aligned feature representations.
This three-way interaction alleviates the inherent limitations of single-modality models.
The image-only model lacks semantic disambiguation capability, the text-only model
lacks objective environmental verification, and the spatial-only model cannot capture non-
locational green attributes. These comparative results collectively demonstrate the neces-
sity and synergistic value of each component within the proposed framework.

To further verify whether the performance advantages of the proposed framework
are statistically significant, paired-sample ¢-tests and Wilcoxon signed-rank tests are con-
ducted. Using MSE as the evaluation metric, the paired comparison between the proposed
framework and XGBoost produces a t-statistic of 8.734 with p < 0.001, while the Wilcoxon
test yields a statistic of 0 with p < 0.01. Both statistical tests confirm that the performance
difference is highly significant. In addition, 95% Confidence Intervals (CI) are used to eval-
uate model stability. The proposed framework achieves an MSE 95% CI of [0.0463, 0.0547],
whereas the corresponding interval for XGBoost is [0.0661, 0.0775]. Since the two CI do
not overlap, the statistical superiority of the proposed framework is further supported.

To verify the rationality of the proposed framework, an ablation study is conducted.
The corresponding results are presented in Figure 3 and Table 3.

https://doi.org/10.3390/su18136497


https://doi.org/10.3390/su18136497

Sustainability 2026, 18, 6497 15 of 24

Without Spatial
Modality

MSE
MAE
RMSE

Without Text
Modality

Without Image

z
E Modality
£ I
g
> T
~ Without Gating
S ]
=
- ——
without (T
Attention ]
Mechanism
Full Model ]
I
T T

T T T 1
0.00 0.05 0.10 0.15 0.20 0.25 0.30

Value

Figure 3. Results of the ablation experiment.

Table 3. Ablation experiments (mean + standard deviation).

Model Variants MSE MAE RMSE R?
Full model 0.0505 + 0.0021 0.1961 +0.0038 0.226 +0.0029 0.8491 +0.0063
Without an attention mechanism 0.0589 +0.0025 0.2068 +0.0044 0.2427 +0.0033 0.8238 +0.0072
Without a gating mechanism 0.0613 +0.0027 0.2115 +0.0048 0.2476 +0.0036 0.8167 +0.0078
Without image modality 0.0668 + 0.0031 0.2186 + 0.0052 0.2585 + 0.0040 0.8003 +0.0085
Without text modality 0.0639 +0.0029 0.2141 + 0.0049 0.2528 +0.0038 0.8091 +0.0081
Without spatial modality 0.0745 +0.0036 0.2298 + 0.0057 0.2730 + 0.0045 0.7774 +0.0098

Compared with the proposed model (MSE = 0.0505 + 0.0021, MAE = 0.1961 + 0.0038,
and RMSE = 0.2260 + 0.0029), all three error indicators rise noticeably after removing either
the attention mechanism or the dynamic gating mechanism. The performance degrada-
tion caused by removing the gating mechanism is slightly greater than that caused by
removing the attention mechanism. Specifically, the framework without the gating mech-
anism produces an MSE of 0.0613 + 0.0027, MAE of 0.2115 + 0.0048, and RMSE of 0.2476 +
0.0036, whereas the framework without the attention mechanism achieves an MSE of
0.0589 + 0.0025, MAE of 0.2068 + 0.0044, and RMSE of 0.2427 + 0.0033. These findings in-
dicate that both mechanisms play essential roles in high-precision prediction by improv-
ing multimodal feature fusion and enhancing model stability. In addition, removing any
modality among the image, text, and spatial branches results in further increases in pre-
diction error, confirming the importance of tri-modal collaborative representation learn-
ing. Among these variants, the framework without the spatial modality shows the largest
performance decline, with MSE and RMSE increasing to 0.0745 + 0.0036 and 0.2730 =
0.0045, respectively. These values are substantially higher than those observed after re-
moving the text modality (MSE = 0.0639 + 0.0029, RMSE = 0.2528 + 0.0038) or the image
modality (MSE =0.0668 = 0.0031, RMSE = 0.2585 + 0.0040). The results suggest that spatial—-
locational characteristics and building structural attributes exert the strongest influence
on prediction performance, exceeding the contributions of environmental quality infor-
mation from the image modality and green semantic information from the text modality.
The synergistic integration of the three modalities therefore constitutes a key prerequisite
for accurate housing price prediction. Performance degradation caused by the removal of
any modality further supports the rationality and effectiveness of the proposed multi-
modal fusion architecture. The interaction between environmental semantics and spatial
features in the proposed framework is achieved through two complementary mecha-
nisms. First, positive spatial attributes are often associated with richer green semantic de-
scriptions within the dataset, since high-end properties generally contain more detailed
marketing narratives. This produces semantic—spatial covariance, which is exploited by
the cross-modal attention mechanism for joint feature refinement. Second, the dynamic

https://doi.org/10.3390/su18136497


https://doi.org/10.3390/su18136497

Sustainability 2026, 18, 6497

16 of 24

gating mechanism mitigates potential conflicts among modalities. When textual descrip-
tions deviate from spatial distance indicators, the gating network reduces the weight as-
signed to conflicting text branches while increasing the weight of spatial evidence, thereby
limiting the influence of exaggerated marketing language on prediction outcomes. This
adversarial validation capability is absent in simple feature concatenation approaches and
improves robustness against potential “greenwashing” effects.

To further improve economic interpretability, a green premium analysis experiment
is conducted. The corresponding results are illustrated in Figure 4.
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Figure 4. Results of green premium analysis.

The proposed model’s prediction accuracy shows a gradient optimization feature as
housing prices increase. Prediction error is highest in the low-priced housing group (MSE
=0.0582, RMSE = 0.2412), decreases substantially in the mid-priced housing group; in ad-
dition, the high-priced housing group achieves the best prediction effect (MSE = 0.0466,
RMSE = 0.2158). This pattern confirms that the core features considered in this study, in-
cluding green ecological characteristics, semantic certification information, and locational
advantages, exert stronger explanatory power within the pricing systems of high-value
residential properties. High-end residences demonstrate greater sensitivity to premiums
from green building attributes, environmental landscapes, and spatial-location ad-
vantages; they have more distinguishable feature signals for accurate model fitting.

The interpretability analysis results of the proposed model are presented in Table 4.

Table 4. Distribution of SHAP contributions.

. . . Category
Average Individual Contribu- Category Subtotal
F -1 lobal P -
actor Category Sub-Item SHAP Value tion Proportion (%) SHAP G ol?a ropor
tion (%)
GVI 0.065 7.46
i iron- DVI . .

Image modality (fenvnon N 0.058 6.66 0172 38.48
mental quality) LST -0.032 3.67
ViT visual feature 0.081 9.30
Energy—saYlng se- 0.063 73

mantics

. Water .resc?urce uti- 0,047 5 40

Text modality (green se- lization 0.23 51.45

mantics) Material environ- ' '
. . 0.041 4.71
mental friendliness
Green certification 0.079 907
level
Distance to park -0.052 5.97 0.045 10.07
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Distance to sub- 0,068 7 81
way
POI densi 0.082 9.41
Spatial modality (location Road nzrtljvlct)};k
and individual factor) . 0.056 6.43
density
Building age -0.06 6.89
Area 0.087 9.99
Total — — — 0.447 100

From the global contribution of categories, text modality exerts the strongest influ-
ence on the model predictions, accounting for 51.45% of the total SHAP contribution; this
is the core leading factor. Followed by image modality, the global contribution represents
38.48%, whereas the spatial modality contributes 10.07%, and the supplementary regula-
tion effect is remarkable. The three modalities form a distinct and mutually complemen-
tary contribution structure. This finding is consistent with the ablation experiment results,
in which the removal of any modality led to substantial declines in predictive perfor-
mance. At the individual feature level, the highest-contributing variables are concentrated
within the core indicators of the three modalities. Specifically, the green certification level
in the text modality, the ViT-derived visual features in the image modality, and building
area together with POI density in the spatial modality exhibit the highest SHAP contribu-
tions. These findings indicate that green semantic labels, deep visual environmental fea-
tures and locational support scale are key positive determinants of housing value. By con-
trast, indicators such as LST, distance to parks, distance to subway stations, and building
age display negative average SHAP values, suggesting inhibitory effects on prediction
outcomes. These patterns are consistent with practical geographical and architectural
characteristics. Combined with the positive and negative effects of SHAP, the mechanism
of feature action can be clarified. contribution mechanisms. Within the image modality,
GVI, NDV], and ViT visual features mainly exert positive effects, indicating that ecological
quality and visual environmental characteristics improve valuation outcomes. All sub-
items of text modality contribute positively to SHAP; this proves the value-enhancing ef-
fects of green energy-saving semantics, environmentally friendly materials, and high-
level green certifications. In the spatial modality, both positive and negative effects coex-
ist. Commuting distance and building age function as restrictive factors, whereas support
density and building area contribute positively, objectively reflecting the dual-directional
nature of location-dependent residential value formation.

Although the SHAP analysis indicates that the text modality contributes 51.45% of
the overall explanatory power, this dominant role should be interpreted from several per-
spectives.

First, information asymmetry and marketing bias may partially explain the strong
contribution of textual features. Real estate textual descriptions, including property list-
ings and developer promotional materials, inherently function as marketing discourse
and may contain elements of “greenwashing,” whereby ecological, low-carbon, or energy-
saving terminology is overstated to enhance property attractiveness despite limited actual
environmental performance. Consequently, the high SHAP contribution of the text mo-
dality may partly reflect the premium effects of marketing language rather than purely
environmental value. This issue is particularly prominent in real estate markets because
buyers often cannot fully verify green claims prior to purchase.

Second, from the perspective of signaling theory, green certifications and energy-ef-
ficiency labels function not only as indicators of environmental performance but also as
symbolic sustainability signals. Such labels communicate social meanings associated with
high quality, modernity, and responsible lifestyles. In high-end housing markets, green
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certifications may therefore operate partly as status symbols rather than solely as environ-
mental investments. As a result, the measured “green value” captured by the model may
combine both environmental value and symbolic value, which should be distinguished
carefully during interpretation.

Third, the source of textual data may introduce systematic bias. The textual infor-
mation used in this study is primarily derived from public property descriptions and of-
ficial certification documents, both of which are filtered and edited by developers or in-
termediaries. High-end properties are generally described with greater detail regarding
green attributes, whereas ordinary residential properties often contain limited environ-
mental descriptions. This imbalance in data generation mechanisms may contribute to the
overestimation of text modality importance.

Fourth, SHAP inherently explain model prediction behavior rather than real-world
causal relationships. Under conditions of strong feature collinearity, such as the positive
correlation between green certification levels and community greening rates, SHAP may
incorrectly attribute explanatory power to a single feature. In addition, SHAP assumes
additive feature contributions in its global interpretation framework, whereas nonlinear
interactions among multimodal features may produce misleading percentage decompo-
sitions. Future studies should therefore incorporate causal inference approaches, such as
Difference-in-Differences and instrumental variable methods, together with repeated
SHAP stability analyses, to further validate the robustness of the findings.

Fifth, from the perspective of information economics, the high SHAP contribution of
the text modality reflects the structural characteristics of signal noise in real estate mar-
kets. According to the study by Solodoha [39], standardized signals such as certification
levels are often easier for market participants to process and interpret than complex mul-
tidimensional information in highly asymmetric information environments. Conse-
quently, these signals may exert disproportionate influence on market outcomes. How-
ever, such “signal advantages” are accompanied by systemic risks. When certification sys-
tems lack rigorous third-party verification mechanisms, low-quality products may imitate
high-quality sustainability signals and obtain unjustified green premiums through green-
washing practices.

Overall, these limitations suggest that, although the text modality dominates the
model prediction process, policymakers should avoid excessive reliance on textual green
claims alone. Independent environmental audits and standardized disclosure require-
ments remain essential for ensuring that green value reflects actual environmental perfor-
mance rather than marketing rhetoric.

To further evaluate the generalization stability and feature adaptation rules under
different housing market structures, this study divides all samples into low-, medium-,
and high-price groups according to housing price tiers. The average global SHAP contri-
bution ratios of the image, text, and spatial modalities in the three groups, respectively. In
addition, it carries out coupling analysis based on the grouped prediction accuracy. De-
tailed results are depicted in Figure 5 and Table 5.
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Figure 5. SHAP contribution ratios across different housing price tiers.

Table 5. Average SHAP contribution ratios of each modality under different housing price tiers.

Text Modality (Green Seman- Image Modality (Environmen- Spatial Modality (Location

Group Type tics) Ratio (%) tal Quality) Ratio (%) and Facilities) Ratio (%)
Low-price group 42.16 35.73 22.11
Medium-price group 48.52 37.95 13.53
High-price group 58.27 33.18 8.55

Figure 5 and Table 5 show that the contribution ratios of the three modalities exhibit
clear gradient variations across housing price tiers, and these variations are strongly as-
sociated with changes in prediction accuracy. As housing prices increase from the low-
price to the high-price group, the contribution ratio of the text modality (green semantics)
rises from 42.16% to 58.27%. This trend indicates that soft green semantic labels (e.g., green
certification levels, energy-saving design descriptions, and environmentally friendly ma-
terials) are core dominant factors in the premium pricing mechanisms of high-end resi-
dences. The high-end housing market shows much higher sensitivity to such green se-
mantic attributes than middle- and low-end markets. The contribution ratio of the image
modality remains relatively stable, fluctuating between 33.18% and 37.95%. The ratio de-
creases only slightly from 35.73% in the low-price group to 33.18% in the high-price group.
This finding suggests that ecological and visual indicators (such as landscape greenery,
LST, and ViT-derived visual features) provide important support across all housing price
ranges as a basic reference dimension for residential value assessment. However, their
influence becomes secondary to the dominant role of textual green semantics in high-end
properties. The contribution ratio of the spatial modality (location and supporting facili-
ties) decreases continuously from 22.11% in the low-price group to 8.55% in the high-price
group. This pattern reflects differences in the pricing logic across housing market seg-
ments. Low-price housing markets are more strongly driven by basic locational attributes,
including subway accessibility, POI density, building age, and floor area, which directly
influence residential utility and affordability. In contrast, the pricing logic of high-end res-
idences has shifted from basic locational requirements toward higher-level dimensions
like green value and ecological quality. Consequently, the relative influence of conven-
tional location-based factors is substantially weakened in premium housing markets. The
modal contribution gradient is highly coupled with the model accuracy gradient in Table
3. Stronger dominance of green semantic information and more concentrated high-end
feature signals are associated with lower prediction errors and improved prediction sta-
bility. These findings further confirm the effectiveness and adaptability of the proposed
multimodal fusion model in differentiated real estate valuation scenarios.
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To further validate the robustness of the proposed framework, several additional ex-
periments are conducted.

First, a cross-city validation experiment is performed by iteratively selecting data
from one city as the test set while using data from the remaining cities for training. The
results show that the framework maintains relatively strong generalization performance
across most cities, with an average MSE of 0.0556 + 0.0042. However, performance declines
in cities with substantially different real estate market characteristics, particularly lower-
tier cities, where the MSE increases to 0.0689. This finding suggests that the applicability
of the framework varies across markets with different levels of maturity and structural
characteristics.

Second, alternative training—testing partition schemes are examined in addition to
the original 8:1:1 split. The 7:2:1 and 6:2:2 partition strategies produce MSE values of
0.0512 + 0.0023 and 0.0528 + 0.0028, respectively, compared with 0.0505 + 0.0021 under the
8:1:1 configuration. Paired sample t-tests indicate that these performance differences are
not statistically significant (p > 0.05), confirming the robustness of the data partition strat-
egy.

Third, temporal validation is conducted using a forward validation strategy, in
which historical data are used for training and future data are reserved for testing. This
setup more closely reflects real-world deployment scenarios. The results indicate that pre-
diction performance on out-of-time samples declines slightly, with MSE increasing by 3.2—-
10.1%. Nevertheless, the proposed framework still substantially outperforms traditional
models, including XGBoost (MSE = 0.0718) during the same period. These findings
demonstrate a certain degree of temporal robustness while also indicating that temporal
market dynamics, such as policy changes and economic cycles, remain important factors
affecting real estate valuation.

Fourth, experiments are conducted under different market conditions. Market cycles
are classified according to the annual growth rate of the Chinese urban housing price in-
dex, including expansion periods (annual growth rate > 5%), stable periods (within +5%),
and downturn periods (annual growth rate < -5%). The framework achieves the best per-
formance during expansion periods, whereas prediction errors increase by 12.5% during
downturn periods. This pattern may be associated with the narrowing of green premiums
under declining market conditions. In addition, the contribution ratio of the text modality
decreases to 48.2% during downturn periods compared with 53.1% during expansion pe-
riods, further confirming the cyclical characteristics of green premiums.

Fifth, SHAP stability analysis is conducted using different random seeds (1-10) while
maintaining identical data partitions and hyperparameter settings. The contribution ratios
of the three modalities remain highly stable across repeated runs, with coefficients of var-
iation below 1.5%. Specifically, the relative standard deviations are #2.31% for the text
modality, +1.89% for the image modality, and +1.15% for the spatial modality, all of which
fall within acceptable ranges. These results confirm the reproducibility and stability of the
interpretability analysis.

5. Conclusions

This study explores data-driven urban real estate green value assessment; it adopts
the CMAB dataset to integrate image, text, and spatial multimodal data, thus building a
multimodal fusion green value assessment framework. The proposed framework inte-
grates image, text, and spatial data to address the limitations of traditional valuation ap-
proaches and existing single-source data-driven studies. The results demonstrate that
multimodal fusion modeling can markedly improve the accuracy of real estate green
value assessment. Concurrently, the proposed method is prominently better than bench-
mark models and single-modality control groups across three evaluation indicators,
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namely MSE, MAE, and RMSE. Within the model prediction behavior, the text modality
exhibits the highest SHAP contribution (51.45%), indicating strong model dependence on
textual green signals. Nevertheless, caution is required when interpreting this result as a
real-world causal mechanism because SHAP describes model prediction behavior rather
than underlying economic causality. The dominant role of the text modality may partly
reflect marketing-related effects and symbolic sustainability signaling. Sub-items such as
green certification levels and energy-saving semantics exert key positive effects. The im-
age modality accounts for 38.48% of the global contribution; indicators including ViT vis-
ual features, GVI, and NDVI effectively characterize the empowering effect of ecological
environments on green value formation. The spatial modality contributes 10.07% globally.
POI density and building area are positive influencing factors; distance to parks and
building age are restraining factors; this pattern objectively reflects the regulatory roles of
location and building attributes. This study also finds that, as housing price tiers increase,
the contribution of the text modality (green semantics) rises substantially and gradually
becomes the dominant factor in premium pricing for high-end residences. By contrast, the
contribution of the spatial modality (location matching) continuously declines; this re-
flects the differences in pricing logic across housing market segments. The image modality
(environmental quality) maintains a stable and high contribution and plays a basic sup-
porting dimension across different housing price levels.

The conclusions derived from this study provide practical implications for policy-
makers, urban planners, investors, and industry practitioners. The empirical results con-
firm that green building certifications and energy-efficiency labels can significantly in-
crease residential property values, thereby providing empirical support for ecological ur-
ban development and green building policy implementation. Regulatory authorities may
further improve standardized green building certification systems by enhancing transpar-
ency, comparability, and disclosure quality. Ecological residential value may also be in-
corporated into urban benchmark land price assessment systems to promote the market-
ization of ecological benefits. In addition, differentiated policy strategies may be imple-
mented across housing price tiers. More stringent green certification standards may be
applied to high-end residences, whereas energy-efficiency renovation subsidies may be
directed toward middle- and low-income housing sectors. From the perspective of urban
spatial planning, the empirical results of the spatial modality confirm the importance of
green space accessibility and public facility allocation for residential value formation.
These findings provide useful guidance for optimizing urban green space distribution and
coordinating public service resources. During new urban district development, ecological
green corridors and community-scale public parks may be prioritized to improve visual
greenery and ecological environmental quality. Coordinated spatial planning between
residential communities and public transportation systems may further reduce commut-
ing-related value loss. At the same time, balanced distribution of urban green resources
should be emphasized to prevent green gentrification and ensure equitable access to high-
quality ecological residential environments for low-income groups. For investors adopt-
ing ESG investment strategies, the proposed multimodal fusion framework provides a
practical tool for green real estate screening and asset value assessment. The framework
enables identification of undervalued properties with latent green value potential while
also supporting ecological risk assessment, including urban thermal environment risks.
In addition, the framework may provide quantitative support for ESG reporting and sus-
tainability-oriented asset evaluation. For practitioners engaged in green real estate devel-
opment and building certification industries, the findings highlight the importance of
transparent and verifiable environmental information disclosure. The dominant role of
textual features in value formation suggests that credible disclosure of measurable envi-
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ronmental performance indicators, including actual energy-saving outcomes and author-
itative certification levels, is essential for improving market value. Industry participants
should therefore avoid vague or exaggerated green marketing narratives and instead dis-
close verifiable ecological performance data and operational indicators. Furthermore, the
quantitative framework developed in this study may be integrated into smart city gov-
ernance platforms for dynamic monitoring and assessment of real estate green value. By
continuously incorporating updated street-view imagery, property listing information,
and urban spatial activity data, the framework may support long-term tracking of the
spatiotemporal evolution of residential green value and provide intelligent decision-mak-
ing support for refined urban ecological governance.

Despite these contributions, several limitations remain. First, the dataset is con-
structed based on the Chinese urban real estate market, where land policies and green
certification systems differ substantially from those of overseas markets. Consequently,
the direct applicability of the framework to international real estate markets remains un-
certain and requires further empirical validation. Second, the cyclical nature of real estate
markets may influence green premium dynamics over time, thereby affecting prediction
stability under different economic conditions. The temporal adaptability of the framework
therefore requires additional improvement. Third, the training dataset does not fully
cover low-income housing samples, resulting in structural imbalance that may introduce
bias in green value assessment across different housing categories and weaken overall
fairness in valuation outcomes. In addition, Al-based valuation systems may unintention-
ally reinforce existing patterns of resource inequality. Uneven spatial distribution of urban
green infrastructure may be amplified through algorithmic valuation mechanisms, poten-
tially exacerbating regional residential value disparities and raising concerns regarding
environmental justice. Moreover, the proposed framework involves relatively high com-
putational complexity and relies heavily on high-performance GPU hardware. Such com-
putational requirements may limit efficient real-time deployment in resource-constrained
practical scenarios and restrict large-scale implementation. Finally, this study does not
explicitly incorporate differences in urban scale, including variations in economic devel-
opment level, real estate market maturity, and green policy orientation. Future research
may therefore focus on differentiated urban-scale characteristics by conducting targeted
investigations across cities with different development stages and market structures. Such
efforts may further refine the impact weights of multimodal features, improve model uni-
versality and practical applicability, and provide more targeted theoretical and practical
guidance for real estate green value assessment across diverse urban contexts.
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