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SUMMARY: This paper proposes a deep learning framework for feature extraction and
architectural form planning guidance of city blocks. Street view images, remote sensing
Windows, building contours, and facade labels from 126 sampling blocks are registered, and a
data set consisting of 12,840 street view images, 126 groups of remote sensing Windows, 38
building form indicators, and 6 types of style labels is constructed. The model uses a dual-vision
branch encoder and a morphological representation module to extract facade texture, roof
contour, height rhythm and interface continuity information, and then maps the style
representation into planning control parameters. Experimental results show that the Accuracy
of the model in the landscape feature extraction task reaches 94.1%, and Macro-F1 reaches
0.912. In the architectural form planning guidance experiment, the guidance consistency of the
proposed method reaches 91.6%, the boundary satisfaction reaches 93.3%, the block
coordination reaches 90.9%, and the form deviation is 18.7%. The results show that the
framework can transform the visual features of blocks into computable planning basis, and
provide stable technical support for planning and design.

KEYWORDS: Deep learning; City block style; Feature extraction; Architectural form
planning guidance

1 Introduction

Urban block style carries information such as building scale, interface order, facade details and
spatial relationships, and is also an important object in digital city modeling, building form
recognition and planning decision calculation. In the face of large-scale street view images,
remote sensing images and building contour data, manual interpretation methods are difficult
to support continuous processing and unified expression of samples. Therefore, the introduction
of deep learning into block style feature extraction and architectural form planning guidance
can transform visual perception objects into trainable and computable morphological
representations. For urban renewal, renovation of historic districts and control of newly built
areas, if a stable style recognition model can be constructed on the basis of multi-source data,
and the recognition results can be further mapped into building form control parameters, the
planning guidance will have a clearer quantitative basis and stronger spatial adaptation ability.

In the related research of city block style recognition, streetscape visual perception, building
geometry recovery and multi-source spatial representation constitute a group of technical paths
that have entered the analysis framework of deep learning earlier. Wang L et al. studied the
relationship between street perception and space syntax, and showed that deep learning can
extract visual information with planning significance from street view images [1]. Yan Y et al.
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proposed a building height estimation method based on a single street view image, and verified
the feasibility of deep network to recover building geometric attributes [2]. Pang H E et al.
studied the 3D building reconstruction under the condition of single view street scene, which
provided a new realization path for the expression of block form [3]. Cai J et al. proposed the
generalization method of urban form based on unsupervised deep learning to enhance the
abstract representation ability of urban form [4]. Najmi A et al. studied the joint mapping
method of remote sensing images and street view images, indicating that multi-source data
fusion is helpful to enhance urban space recognition [5]. Wu J et al. proposed an urban form
analysis framework based on big data and machine learning, and demonstrated the
computational value of form indicators in the analysis of historic districts [6]. Xu Y et al.
studied the task of building function classification, and introduced deep learning into the
process of building semantic recognition, which expanded the inference range of building
objects from form to use [7]. Chen F C et al. proposed a building attribute estimation method
based on street view images and feature fusion, which enhanced the correlation expression
between building appearance and attribute variables [8]. The research at this stage makes the
block style gradually shift from the empirical description to the quantifiable, trainable and
transferable computational expression, and also lays the data and method foundation for the
subsequent morphological feature modeling.

With the expansion of street view image data scale and the enhancement of visual learning
ability, the research focus has shifted from single geometric recognition to more detailed style
perception, spatial evaluation and facade analysis. Zhang L et al. studied the relationship
between streetscape visual elements and urban green structures, indicating that local visual cues
in streetscape images can support the quantification of spatial features [9]. He J et al. proposed
a human perception extraction method based on street view images, which provides a basis for
visual evaluation calculation in urban renewal scenes [10]. Ki D et al. studied the construction
method of walkability index driven by street view images, which reflects the adaptability of
deep learning in street environment quantification [11]. Kang Y et al. proposed a neighborhood
safety perception analysis method combining GeoAl and survey data, which promoted the
mapping from subjective visual cognition to computational model [12]. Patel P et al. studied
the deep learning morphological method for urban scale environmental modeling, which
strengthened the connection between urban morphological structure and environmental
simulation [13]. Lu Y et al. proposed an improved SOLOv2 building facade analysis method
to improve the accuracy of facade component segmentation [14]. Xu H et al. studied urban
architectural style recognition and data set construction methods under the condition of street
view images, so as to provide a stable data foundation for block style classification [15]. This
kind of research shows that block style is not just a static collection of building appearance, but
can be decomposed into multi-level visual information such as style, interface, component and
environmental relationship through deep feature learning.

In higher-level research on urban form computing, related work has begun to focus on the
cohesive mechanism between visual perception results and spatial structure, functional
semantics, and planning context. Sun H et al. proposed a street spatial analysis method based
on deep learning to quantify the relationship between element perception and overall perception
[16]. Zhai Y et al. studied the relationship between color distribution, harmony and street
functions of building facades, so that the visual features of facades have interpretable
computational forms [17]. Ogawa Y et al. proposed a subjective perception evaluation method
of street scenes based on street view images, indicating that there is a stable mapping between
visual representation and spatial cognition [18]. Wu C et al. studied the machine learning
representation method of urban form based on street network, which enhanced the structure of
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block pattern calculation [19]. Fleischmann M et al. proposed the decoding method of urban
form and function based on spatial explicit deep learning, which expanded the technical
boundary of the translation from form features to planning semantics [20]. These results
promote the research of urban form from "“recognizing buildings” to "understanding blocks",
and also show that there is a clear computing foundation and method extension space for further
using the feature extraction results for architectural form planning guidance.

Existing research has formed a technical chain from street view perception, building
attribute estimation to urban form modeling, but the integrated computing framework for city
block style recognition and building form planning guidance still needs to be improved. Based
on this, this paper constructs a unified representation mechanism for multi-source data, designs
a block style feature extraction model, and establishes a planning guidance method driven by
morphological representation learning, so that building height, facade rhythm, interface
continuity, roof contour and block style vector form a mapping. This study establishes a data-
model-guidance link between the visual feature analysis of urban blocks and the support of
architectural form planning, which provides a new calculation path for form control and
planning assistance.

2 Methods and materials

2.1 Multi-source data construction and sample representation for city
block style recognition

In order to ensure that the recognition results of city block style have visual integrity, geometric
consistency and planning interpretability, we do not use a single street view image as input at
the data level, but combine street view images, orthogonal remote sensing images, building
contours, facade annotations, plot boundaries and road centerlines to construct multi-source
samples. Street view images are used to preserve the texture, color and interface continuous
information of building facades, remote sensing slices are used to supplement roof contours,
volume distribution and the overall pattern of blocks, building contours and plot boundaries are
used to provide morphological constraints, and road centerlines are used to describe street
openness and visual organization. All kinds of data are uniformly projected to the same
coordinate system, and then cut and numbered according to block units, so that the samples can
correspond to clear spatial locations and morphological contexts.

In order to ensure the consistency of multi-source block samples in space, time and semantic
level, this paper uses the unified registration function to complete the basic alignment
processing and calculation mapping:

Ay = arg min > 1) = Ri(Tavayo I3 + 1y + 2% (1)
PEQ;

Here, A; represents the optimal registration result of the i block unit, I; represents the
street view view, R; represents the remote sensing slice, Tyxaye represents the spatial
transformation composed of translation and rotation, €; represents the effective pixel area, &;
represents the overlap constraint of building contour, Wi represents the semantic label
consistency constraint, A, and A, are the weight coefficients. This formula is used to weaken
the interference of shooting deviation and spatial dislocation on subsequent style representation.

As shown in Fig. 1, the original data first goes through coordinate correction, time screening
and duplicate sample elimination, and then enters the three stages of block slicing, building
matching and semantic verification. Street view images are reorganized according to the

3



Han

acquisition orientation and shooting distance, remote sensing images are generated by fixed-
scale Windows according to block boundaries, and building contours are mapped to facade
labels through topological relationships. After registration, each block unit simultaneously
retains the image view, planar morphology and attribute label, and then forms a unified sample
for network training.
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Figure 1: Flowchart of multi-source sample construction and registration for city blocks

In the stage of sample organization, this paper takes block as the basic unit of analysis, while
preserving building level details and street level context. Each sample contains four types of
core inputs, namely, street view main view, remote sensing window, building form matrix, and
attribute label sequence. The main street view is uniformly scaled to 512>5612, and the remote
sensing window is uniformly cut to 256>256. The building form matrix is composed of
indicators such as building height, layers, depth, roof form, base area and interface retreat, and
the attribute label sequence records the style category, function type, age interval and street
level. This design enables the sample to not only express the local details of the building, but
also retain the overall pattern of the block.

In order to make street view images, remote sensing slices and building contours enter the
same feature space, this paper defines the sample representation as the following joint coding
form for expression:

= VI IM L] £ =Es(T), £ = Exs(Ry) ()

where X; represents the block comprehensive sample vector, f?¥ and f{® represent the
visual features output by the street view encoder and remote sensing encoder respectively, M;
represents the building form matrix, L; represents the attribute label embedding, || represents
the feature splicing operation. This representation compreszes multi-source input into a unified
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sample interface, which is convenient for subsequent joint learning of deep networks.

As shown in Fig. 2, block samples are not simply superimposed before entering the network,
but view grouping, building matching, indicator calculation and label review are completed
first. The street view branch outputs the facade texture, color and window rhythm, the remote
sensing branch outputs the roof relationship and volume distribution, the morphology branch
outputs the height gradient, density level and boundary regression characteristics, and the label
branch is responsible for establishing the correspondence between the style categories and the
building form control items. After this process, the samples are transformed from the original
image set to the training object with structural hierarchy.
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Figure 2: Schematic diagram of block sample structured representation and label generation

In order to quantify the differences of height fluctuation, interface continuity and volume
density in the block style, this paper constructs the morphological statistical vector and gives
the complete expression of the calculation method as follows:

|S]+1 5j |
m; = [I'lhr Ohs Pes nd'Kr]' Pc = 1 €xp T (3)

Here, m; represents the shape statistical vector of the i block, p;, and o}, represent the
mean and standard deviation of building height, p. represents the continuity of street interface,
s; represents the starting and ending position of adjacent building facades, nq represents the
building density index, x,. represents the dispersion of roof contour, and T represents the
attenuation parameter. This formula can convert the order of the block perceived by the naked
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eye into a comparable numerical index.

In order to suppress the offset effect of samples from different sources on the scale
distribution, this paper introduces a normalized weight matrix to recalibrate and constrain the
multi-modal features:

X = Wy (X; = )E7/2, W, = diag(Way, Wrs, Win, W) )

where X represents the normalized sample representation, p and X represent the mean
1

vector and covariance matrix of the training set respectively, W, represents the modal weight
matrix, wg, ,w.,Ww,, and w; correspond to the weights of street view, remote sensing,
morphology and label components respectively. The contribution of different modalities in joint
training can remain stable through recali-fication.

In order to establish the adjacency correlation between block units and the style propagation
path, this paper further uses the spatial proximity and attribute similarity to construct the graph
structure representation as follows:

d3 m: — m: 12
G= (V; E); ajj; = exp (— 0_—12]> - exp <_ M) (5)

2
d Om

Here, G represents the block graph structure, V represents the set of block nodes, E
represents the set of adjacent edges, aj; represents the edge weight between node i and node
j, dj; represents the spatial distance, and o4 and o, represent the scale parameters. The
introduction of graph structure makes the block style no longer limited to single sample
expression, but can form a continuous propagation relationship between adjacent areas.

After the above processing, this paper forms a structured sample set with one-to-one
correspondence of street view, remote sensing window and building level attributes. The set not
only retains the visual differences of city block styles, but also retains the geometric constraints
and semantic labels required for architectural form planning guidance, which provides a unified,
stable and computable data basis and support for subsequent style feature extraction models
and form planning guidance methods.

2.2  Feature extraction model of city block style based on deep learning

After the construction and unified representation of multi-source samples, this paper further
constructs a deep learning feature extraction model for city block style recognition. The model
does not separate street view images, remote sensing slices and morphological indicators, but
completes visual coding, structure aggregation and style discrimination in a shared semantic
space. The street view branch is responsible for capturing the facade material, window rhythm
and color distribution, the remote sensing branch is responsible for characterizing the roof
contour, volume combination and block texture, and the shape branch introduces the height
gradient and boundary regression relationship. The three types of information are fused into the
discrimination head, and the style category and shape response are output.

As shown in Fig. 3, the overall model consists of a visual encoding layer, a cross-modal
fusion layer, a spatial relationship propagation layer, and a classification output layer. Street
View images are first entered into a convolution-transformer hybrid encoder to preserve texture
and facade relationships. The remote sensing image enters the hierarchical encoder, which is
used to highlight the block contour and roof distribution. The morphological matrix is
transformed into a low-dimensional morphological token by a multi-layer perceptual mapping.
After the three-way coding is completed, the model performs the cross-attention operation in
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the fusion layer, and then completes the adjacency propagation according to the block graph
structure, so that the sample representation absorbs the spatial continuous information of
adjacent blocks.
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Figure 3: General structure diagram of the city block style feature extraction model

In order to unify the initial coding scales of the street view branch and the remote sensing
branch, this paper first maps the two types of visual inputs into a shared feature space, which is
calculated as follows:

ZiSV = Pgy dsy(Ij) + bgy, ZirS = Prs drs(Rj) + by (6)

Here, z¥ and z{® represent the street view feature vector and remote sensing feature
vector of the i block, ¢, () and ¢.c(-) represent the two-channel base coding function,
P, and P.s represent the projection matrix, and bg, and b, represent the bias term. This
formula is used to transform visual representations from different sources to the same
dimension and provide an interface for subsequent joint learning.

In the local encoding process of the visual backbone, this paper uses window convolution
and self-attention unit alternately stacked to take into account the texture details and the overall
semantics of the block. The street view branch retains the facade edge and window density in
the shallow layer, and extracts the style composition and interface rhythm in the deep layer. The
remote sensing branch extracts block contours, road enclosions, and roof aggregation patterns
under a large receptive field. Since the two types of inputs have different emphasis on
characterizing the landscape, this paper introduces a morphological gating mechanism to make
different blocks automatically adjust the contribution ratio of street view information and
remote sensing information.

In order to make building height, interface distance and density features participate in visual
fusion, this paper constructs a morphological gating vector to dynamically adjust the backbone
features. The form is as follows:
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gi = o(Wemi +b,), 7' =g 07", 2°=01-g)0O7° )

Here, g; represents the morphological gating vector of the i block, m; represents the
morphological features obtained from the above statistics, W, and b, are trainable

parameters, o(-) represents the Sigmoid function, © represents the Hadamard product. This
formula enables the model to dynamically emphasize the facade information or volume
information according to the shape difference of the block, avoiding the single mode
dominating the classification results.

As shown in Fig. 4, the street view features, remote sensing features and morphological
tokens after gated adjustment are input into the cross-modal fusion module. The module firstly
performs bidirectional attention matching, and then retains the original modal features through
residual aggregation, and then uses block adjacent edges to complete semantic diffusion in the
graph propagation unit. The nodes after propagation represent the entry into the classification
head to output the style class probability, and generate the style sensitive index response
synchronously.
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Figure 4: Cross-modal fusion and spatial relationship propagation module structure diagram

In order to enhance the expression of correspondence between different modalities, this
paper uses bidirectional cross-attention mechanism in the fusion layer to complete the weight
update, and the calculation process is expressed as follows:

2V (K27 .
B;j = softmax<(Q 1)K ) ) f, :ZBijVers+Uti (8)
j=1

Vd

Here, Bj; represents the attention weight of the i query vector of the street view branch to

the j key vector of the remote sensing branch, Q, K, V,and U are linear mapping matrices,
d represents the scaling dimension, t; represents the morphological token, and f; represents
the fused intermediate representation. This formula establishes the explicit connection between
facade information, roof information and morphological indicators by attention matching.

In block level style recognition, the visual features of a single sample are also affected by
the organization of adjacent block boundaries. To this end, this paper puts the fused features
into the graph propagation layer to perform semantic updates on the block adjacency graph. In
the process of propagation, the neighboring weights are constrained by distance, morphological
difference and road connectivity. This design makes the model maintain the stability of local
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features while introducing neighborhood consistency, so that the style discrimination at the
block boundary is smoother.

In order to describe the style transfer relationship between adjacent blocks, this paper
performs a layer of normalized graph propagation operation on the adjacency graph, and its
specific and complete expression is as follows:

a..
h*D = p ——— W,h{" + Byh{" 9)
&t v deg(i) deg(j)

where hi(l) represents the representation of node i at layer 1, V(i) represents the adjacency
setof node i, deg(i) representsthe node degree, W;, and B, are trainable matrices, and p(:
) represents the nonlinear activation function. This formula enables the representation of block
style to absorb the continuous organizational characteristics of adjacent Spaces.

At the classification output, we divide the propagated block representation into two
branches, one for style category determination and the other for style sensitive attribute
response estimation. The former outputs the probability of style classes such as continuous
interface, diverse roof and traditional low floor, and the latter outputs indicators such as color
harmony, interface integrity, volume balance and contour relief. The two branches share the
intermediate representation, which is both discriminative and explanatory.

In order to map the fused block representation into a discriminative style class probability,
this paper uses the following classification head to complete the final prediction and response
calculation, which is expressed as follows:

p; = softmax(Wch(™ +b;), r; = tanh(W;h( +b,) (10)

where p; represents the landscape category probability vector of the i block, r; represents
the landscape sensitive attribute response vector, W., W,, b, b, are the classification head

and response head parameters, and hi(L) represents the final layer representation. This formula
provides two types of output for the subsequent planning guidance stage: category results and
attribute strength.

In order to strengthen the constraint of consistent relationship between style categories and
morphological attributes, this paper further sets the cross-task consistency regularization term,
which is calculated as follows:

N 2 N
1 2
Leon = NZ”Tpi -l + BZ Z ajj ||ri — rj”2 (11)
i=1 2

i=1 jeN (i)

Here L.,, represents the consistency loss, T represents the mapping matrix from
categories to attributes, and [ represents the neighborhood smoothing weight. On the one hand,
this formula constrains the semantic consistency between category prediction and attribute
response, on the other hand, it constrains the attribute output of adjacent blocks not to be over-
discrete.

In order to ensure the synchronous improvement of style classification accuracy and
attribute response stability, this paper adopts multi-task joint objective organization of the
overall training process, which can be specifically expressed as follows:



Han

L= 7\cl:cls + )\rLreg + 7\conﬁcon + )\WHGH% (12)

Here, £ represents the total model loss, L. represents the cross-entropy loss of style
categories, L., represents the attribute response regression loss, L, represents the
consistency loss, © represents the set of model parameters, and A., A;, Acon, and A, are the
weights of each item. Joint target training can make the model maintain stable convergence at
three levels of category recognition, attribute expression and spatial continuity.

Through the above design, the landscape feature extraction model constructed in this paper
no longer stays in the simple image classification, but integrates the street view appearance,
remote sensing pattern and building form information into a unified computing framework. The
model output can not only complete the recognition of city block style, but also generate
sensitive attribute response and stable output with morphological meaning, which provides
direct input for the guidance method of architectural form planning in the next section.

2.3 Architectural form planning guidance method based on morphological
representation learning

The feature extraction model of city block style can output class probability and attribute
response, but the planning guidance does not directly stop at the recognition result level, and it
also needs to convert the style representation into executable building form control quantities.
To this end, this paper proposes a guidance method for building form planning based on
morphological representation learning, which maps the style vector, block map structure and
plot constraints to the control results of height classification, interface retreat, roof organization,
volume combination and facade rhythm. The method does not use a fixed rule table to match
item by item, but learns a stable morphological correspondence between the historical district
samples, the new area samples and the renovation samples, so that the output results not only
maintain the continuity of the block style, but also meet the geometric boundary of the building
layout and the spatial constraints of the road.

As shown in Fig. 5, the planning guidance module consists of a morphological prototype
generation unit, a plot constraint encoding unit, a candidate scheme reasoning unit, and a
guidance result output unit. Firstly, the block representation output by the style feature
extraction model enters the prototype generation unit to form the corresponding morphological
prototype vector in the shared embedding space. Subsequently, the plot boundary, back-off
control, plot ratio interval, road interface and adjacent building contour are encoded as
constraint vectors. The two types of vectors were coupled in the candidate scheme reasoning
unit to obtain several candidate morphologies. Finally, the system output the planning guidance
results according to the consistency score, boundary satisfaction degree and block coordination
degree. This process enables planning suggestions to be derived from computable landscape
mapping instead of static experience. Compared with the way of giving single-valued
suggestions directly, this method emphasizes more on the intermediate reasoning process from
block representation to plot form, so it can preserve the source basis and hierarchical structure
of planning guidance. The prototype generation stage emphasizes style abstraction, the
constraint encoding stage emphasizes plot boundary, the candidate reasoning stage emphasizes
morphological combination, and the result output stage emphasizes screening logic. All of them
together form a closed guiding link.
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In order to make the feature recognition results stably enter the planning and reasoning stage,
and maintain the mapping relationship between category semantics and attribute strength, this
paper defines the neighborhood shape prototype generation function as follows:

q; = tanh(Wgh{"” + Ugr; + by ) (13)

Here, q; represents the morphological prototype vector of the i block, hi(L) represents
the final block representation of the model output in the previous section, r; represents the
attribute response vector, Wy and Uq are projection matrices, and bgis the bias term. The
formula is used to compress the landscape category information and attribute strength into a
unified prototype representation, which provides the basic input for the subsequent inference
of land-level control items.

In the plot level planning guidance, it is not enough to rely on the block prototype alone to
express the actual control boundary. Geometric constraints such as red line of construction land,
concession distance, road width, daylighting spacing and adjacent interface should be
introduced simultaneously. In this paper, a constraint encoder is used to jointly map these
discrete and continuous variables to constraint vectors, and jointly combine them with
morphological prototypes before inference of candidate alternatives. After this process, the
planning guidance output can not only retain the style trend of the original block, but also adapt
to the shape difference and development intensity of different parcels.

In order to compress the control conditions such as plot boundary, road interface, backtrack
distance and development intensity into a trainable representation, this paper constructs a
constraint encoding function and adopts the following expression:

i = cr(WC(l)gf’l + WC(Z)sird + WC(S)UPd + bc) (14)

Here, c; represents the constraint vector of the i plot, gfl represents the geometric

description of the plot, s' represents the road space constraint, u? represents the boundary

i
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and backoff control, Wc(l) to WC(3) is the mapping matrix, and o(-) represents the activation
function. This formula transforms the plot control condition into a continuous embedding,
which enables it to participate in subsequent candidate morphological inference. Since different
plot constraints come from heterogeneous data, this encoding step also assumes the role of scale
unification and variable compression, so as to avoid representation fluctuations caused by high-
dimensional control variables directly entering the generation process.

As shown in Fig. 6, the candidate morphological reasoning module adopts a two-branch
structure. The first branch generates discrete control items such as height hierarchy, roof form
and interface rhythm according to the shape prototype vector, and the second branch generates
continuous control items such as volume concession, coverage and open proportion according
to the constraint vector. The two branches are combined into a candidate scheme matrix in the
fusion layer, and then fed into the result screening unit. The screening unit calculates the style
consistency, geometric feasibility and block coordination at the same time, eliminates the
schemes that do not meet the red line, back-off distance and adjacent interface relationship, and
retains the guidance results that take into account both style inheritance and space adaptation.
This structure ensures that planning proposals have a clear basis for generation and filtering
logic. For the same plot, the system can output multiple candidate sequences and arrange them
from high to low according to the comprehensive score for subsequent manual review and
comparison of alternatives.

Candidate Morphology Inference Module
|

Discrete Control Branch Continuous Control Branch
Height & Roof Type Interface Rhythm Setback & Massing Coverage
Generation Generation Adjustment Calculation

[ | I 1

Morphology Prototype Vector

Result Filtering Unit
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L | J

v
Redline Check ’ Setback & Interface Checd Infeasible Solutions Pruning - —p B} iy [P -1e
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Design 1. Option A
Solutions 2. Option B
3. Option C

4. Option D

Figure 6: Structure diagram of candidate morphological reasoning and planning results
screening

In order to describe the candidate scheme generation mechanism under the joint action of
morphological prototype and plot constraint, this paper uses the joint inference function to
complete the expression calculation of multiple groups of candidate results as follows:
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yE=Wylvigi | 1 —vi)ci llex] +by, k=1,..,K (15)

Here, yX represents the k candidate shape vector generated by the i plot, y) represents
the style bias coefficient of the k type of scheme, e, represents the candidate template
embedding, W, and by are inference parameters. This formula generates multiple groups of
candidate results through different combinations of templates and weights, so that the system
can cover a variety of volume organization methods. The candidate vectors can be
backcomputed to obtain the building height interval, basement control line, roof type proportion
and interface continuous level, so as to form a scheme expression with planning implications.

In order to ensure that the candidate morphology meets the requirements of style
continuation boundary control and adjacent coordination at the same time, this paper sets up a
consistent screening score function to complete the comprehensive score evaluation calculation
as follows:

1
(= acos(yf, ) + B exp(~ IBG) ~ulID) +6 o D cos(yly))  (16)

JENV (D

S

Here, si represents the score of the candidate solution, cos(:,-) represents the cosine

similarity, B(yX) represents the boundary parameter obtained by the inverse calculation of the
candidate vector, y; represents the optimal solution of the adjacent plot, and «, B, & are the
weight coefficients. This formula evaluates style consistency, boundary satisfaction and
neighborhood coordination at the same time, and is used to filter the final guidance results. The
three items in the score function correspond to block inheritance, plot adaptation and
neighboring coordination, so the output will not only favor a certain type of local index, but
maintain a comprehensive balance.

In order to make the plan-guided network learn to generate quality ranking stability and
neighborhood continuity relations synchronously in the training phase, this paper uses a joint
objective function to organize the total training as follows.

Lpg = }\ngen + AsLsel + ApLpa + AnLypr (17)

Here, L, represents the total planning guidance loss, Lge, represents the candidate

morphological generation loss, Lg represents the scheme ranking loss, L4 represents the
boundary constraint loss, Ly, represents the neighborhood coordination loss, and A4, Ag, Ay,

and A, are the weight parameters. This objective function makes the model pay attention to
the morphological rationality of the generated results and the block continuity of the output
results at the same time in the training stage. After training, the model can stably transform the
landscape recognition output into land-level shape guidance suggestions, and provide a unified
computing basis for consistency verification and planning response analysis in subsequent
experiments.

Through the above design, this paper further transforms the block style recognition results
into executable architectural form planning guidance results. While preserving the original
spatial temperament of the block, this method can give control suggestions with calculation
basis for the plot boundary, volume relationship and interface order, and provide a complete
model support for the experimental analysis of planning guidance in the next chapter. At the
same time, the three parts of morphological prototype, constraint coding and candidate
screening also form a clear module boundary, which is convenient for subsequent transfer
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training and parameter updating in different city samples.

3 Results

3.1 Experimental analysis of feature extraction of city block style

This section focuses on the recognition performance and training stability of the city block style
feature extraction model. The experimental platform is configured with Intel Core 19-13900K
processor, NVIDIA RTX 4090 graphics card, 24GB video memory, 64GB DDR5 memory and
2TB SSD, and the software environment is Ubuntu 22.04 LTS and PyTorch 2.1. In the training
process, the batch size is set to 32, the initial learning rate is set to 0.0005, the optimizer uses
AdamW, the weight decay coefficient is set to 0.01, the learning rate scheduling uses cosine
annealing strategy, the minimum learning rate control is 1e-6, and the maximum number of
training rounds is 120 epochs. The training was stopped when the validation set Macro-F1 did
not continue to rise for 12 consecutive epochs. The experimental data consists of 126 sampling
blocks, including 12840 street view images, 126 groups of remote sensing Windows, 38
building shape indicators and 6 types of landscape labels. The training set, validation set and
test set are divided by the ratio of 7:1.

As shown in Fig. 7, the proposed method enters the stable convergence stage after the 18th
epoch, and the decreasing trend of training loss and validation loss is synchronized without
obvious separation. Compared with Baseline-CNN and Single-Scale Encoder, the convergence
slope of the proposed model is larger in the first 30 epochs, indicating that the multi-source
joint input and cross-modal fusion mechanism can shorten the parameter search phase. By the
52nd epoch, Macro-F1 of the validation set reached 0.901 and finally stabilized near 0.912. The
corresponding validation loss is as low as 0.184, which is significantly lower than 0.263 and
0.241 of the two comparison models. This result shows that the joint training of street view
branch, remote sensing branch and morphology branch does not introduce additional oscillation,
but makes the style representation more concentrated.
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Figure 7: Convergence curve for training of the style feature extraction model

Table 1 shows that the overall recognition accuracy of the proposed model reaches 94.1%,
which is 4.5%, 2.3% and 0.9% higher than that of Baseline-CNN, Single-Scale Encoder and
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Dual-Branch Net, respectively. Macro-F1 increases by 0.048, 0.023 and 0.009, respectively.
Although the average reasoning time is slightly increased, the single sample reasoning is still
controlled within 30 ms, which can meet the computational requirements of batch analysis and
planning auxiliary scenes of block landscape. The Kappa coefficient reaches 0.894, indicating
that the model has high consistency on multi-category samples, and maintains stable
discrimination ability between different types of features.

Table 1: Overall performance comparison of different models on the task of city block style

recognition
Model Accuracy / % | Macro-F1 | Kappa | Average Inference Time / ms
Baseline-CNN 89.6 0.864 0.835 18.7
Single-Scale Encoder 91.8 0.889 0.861 21.4
Dual-Branch Net 93.2 0.903 0.881 24.9
Proposed Model 94.1 0.912 0.894 26.1

As shown in Fig. 8, after mapping the test set samples to the two-dimensional embedding
space, traditional low-rise blocks, continuous interface blocks, modern mixed blocks, open
high-rise blocks, industrial renewal blocks, and waterfront composite blocks form clear cluster
boundaries. The embedding distribution output by the proposed model has few cross-bands,
especially between the traditional low-rise blocks and the continuous interface blocks, which
can form a stable distinction through the facade rhythm, roof contour and back boundary
relationship. The comparison model overlaps between the modern mixed block and the
waterfront complex block, indicating that it is difficult to rely on single-scale visual information
to support complex landscape judgment. The embedding results also show that the
morphological gating mechanism improves the division of labor efficiency between different
modalities.
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Figure 8: Visualization results of feature embedding for different style categories
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Table 2 shows the migration identification results under different city grouping conditions.
The overall accuracy of the central city sample is the highest, which indicates that regular road
network and stable street interface are more beneficial to model learning. The recall rate of the
historical area sample reaches 96.1% on the traditional low-rise, which reflects the strong
sensitivity of the model to the characteristics of low-rise building density, roof continuity and
interface details. The modern mixed recall rate of the newly expanded area sample reaches
94.9%, which indicates that the remote sensing pattern and volume relationship play a more
direct role in the identification of new urban areas. The index of cross-region mixed samples
decreased slightly, but the overall index remained above 0.906, indicating that the model in this
paper has good robustness in cross-region landscape transfer.

Table 2: Model migration identification results under different city groupings

Test Grou Accuracy | Macro- | Traditional Low- Modern Mixed-
P | % F1 Rise Recall / % Style Recall / %
Central Urban Area 946 | 0918 95.2 92.7
Samples
Historical District 938 0.910 96.1 896
Samples
Newly Developed
Expansion Area 94.3 0.914 92.8 94.9
Samples
Cross-Regional Mixed 935 0.906 93.4 908
Samples

As shown in Fig. 9, in this paper, morphological gating, cross-attention fusion and graph
propagation modules are removed in turn, five independent experiments are performed on the
model and the average results are counted. After removing the morphological gating, the
Accuracy decreases to 92.9%, and Macro-F1 decreases to 0.897, which indicates that the
building height gradient and the retreating boundary difference have a direct impact on the
discrimination of style. After removing the cross-attention fusion, Macro-F1 is further reduced
to 0.891, indicating that the information alignment between street view and remote sensing is a
key link to form stable category boundaries. After removing the graph propagation module, the
misjudgment of the boundary samples in the central urban area increases significantly, and the
overall Accuracy decreases to 93.1%. The complete model always maintains the highest index
in the three groups of comparisons, and the standard deviation of each experiment is controlled
within 0.4, indicating that the model structure has good repeatability and training stability.
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Figure 9: Comparison of ablation experiment results for different modules

Based on the above results, it can be seen that the feature extraction model of city block
style constructed in this paper shows strong advantages in multiple dimensions such as
convergence speed, overall accuracy, embedding distribution and cross-area migration. The
multi-source sample representation ensures the geometric consistency of the input, the cross-
modal fusion strengthens the correspondence between the facade information and the volume
information, and the graph propagation mechanism improves the recognition stability of the
block boundary samples.

3.2 Experimental analysis guided by architectural form planning

After the feature extraction of city block style, the planning guidance stage further maps the
block style vector, shape prototype and parcel constraint into executable building form control
results. The output of this part no longer stops at the recognition of style categories, but
generates guidance information such as height hierarchy, interface retreat, roof organization,
volume combination, and street continuity for plot scale. In order to test the adaptation ability
of the method in different plot scenarios, this section analyzes from four dimensions of guidance
consistency, boundary satisfaction, block coordination and shape deviation. The proposed
method is compared with Rule-Mapping, MLP-Guidance, Graph-Constraint and Prototype-
Search.

In this paper, the 126 sampled blocks are further mapped into 412 computable plot units,
each of which contains block style representation, building form prototypes, boundary control
information, road interface conditions, and adjacent building relationships. The planning
guidance module completes candidate scheme reasoning and result screening under a unified
training framework, and outputs land-level morphological suggestions. The overall
performance of the different models in the multi-class plot scenario is shown in Fig. 10.

As shown in Fig. 10, the horizontal axis of the heat map shows four types of typical plot
scenarios, including historical street and lane plots, main road interface plots, waterfront open
plots, and updated mixed plots, and the vertical axis shows five guidance models. Darker colors
indicate higher plan guidance consistency. The consistency of the proposed method in four
types of scenes reaches 92.4%, 91.8%, 90.7% and 91.6%, respectively. The overall fluctuation
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range is controlled within 1.7 percentage points, and the color distribution is more concentrated.
Rule-Mapping performs reasonably well in historical street and lane plots, but decreases
significantly in updated mixed plots, which indicates that fixed rules are difficult to maintain
stable output under complex boundary conditions. The consistency of MLP-Guidance in the
main road interface plot and the waterfront open plot is quite different, reflecting that the
model's response to the interface continuity and open proportion is not balanced after the lack
of spatial relationship propagation. Graph-Constraint is able to maintain high scores on road
interface control, but the expression of roof organization and volume combination is not
detailed enough. Prototype-Search outperforms the regular method in all four types of scenarios,
but the boundary satisfaction is still affected when the candidate selection is insufficient. The
proposed method maintains a stable color gradient in different scenes, which indicates a good
coupling relationship between morphological prototypes, constraint encoding and candidate
screening.
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Figure 10: Heatmaps of planning guidance consistency for different plot scenarios

Table 3 shows that the proposed method achieves optimal results on the four core indicators.
Compared with Rule-Mapping, the guidance consistency is increased by 6.7 percentage points,
the boundary satisfaction is increased by 7.1 percentage points, the block coordination is
increased by 8.2 percentage points, and the shape deviation is decreased by 4.9 percentage
points. Compared with Graph-Constraint, the improvement of our method is mainly reflected
in the two indicators of boundary satisfaction and morphological deviation, which indicates that
although Graph Constraint alone can improve neighborhood coordination, it is still difficult to
give more refined guidance results at the plot level without prototype reasoning and candidate
screening. Prototype-search performs well in Prototype matching, but local volume shifts still
occur on complex parcels due to insufficient integration of boundary and road constraints. The
proposed method can control the building height gradient, roof relationship and basement
retreat while maintaining the continuity of block style, so the overall output is closer to the
planning guidance goal.
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Table 3: Overall performance comparison of different planning guidance methods

Method Guidance Boundary Block Morphological
Consistency / % | Satisfaction/ % | Coordination / % Deviation / %
Rule- 84.9 86.2 82.7 23.6
Mapping
MLP- 88.3 89.1 86.5 20.8
Guidance
Graph- 90.1 91.4 88.7 19.6
Constraint
Prototype- 90.8 90.2 89.5 19.1
Search
Proposed
Method 91.6 93.3 90.9 18.7

Table 4 shows that the comprehensive guidance effect of historical street and lane plots is
the highest, especially the interface continuity reaches 95.4%, indicating that the model is
highly sensitive to the low-level continuous street wall, roof relief and street and lane scale. The
boundary satisfaction of the main road interface plot reaches 93.6%, which reflects that the
constraint coding module can well absorb the conditions such as road red line, open interface
and building retreat. The interface continuity of the waterfront open plots is slightly lower,
which is related to the fact that the waterfront scene itself puts more emphasis on openness and
spacing changes, but it still remains above 89.8% overall. The indicators of the updated mixed
plots are relatively balanced, which indicates that the model can maintain a stable balance
between style continuation and plot adaptation when dealing with the areas where new and old
buildings coexist and the volume difference is large.

Table 4: Comparison of the guided results of the proposed method under different plot types

Parcel Tvpe Guidance Height Matching Setback Interface
yp Consistency / % Degree / % Satisfaction / % | Continuity / %
Historic Street-
Block Parcels 92.4 93.1 94.2 95.4
Main Road 91.8 92.7 93.6 94.1
Frontage Parcels
Waterfront Open 90.7 91.9 92.4 89.8
Parcels
Renewal Mixed 91.6 923 93.0 91.2
Parcels

Table 5 shows the ablation results of different modules. After removing the morphological
prototype generation, the guided consistency decreases to 88.9%, indicating that if the block
style vector cannot be compressed into a stable prototype, the continuous style reference will
be lost in the plot-level output. After removing the constraint coding module, the boundary
satisfaction decreases most significantly, which is only 88.7%, and the shape deviation
increases to 22.1%, which indicates that the constraints such as the red line of the plot, the road
boundary back and the distance between adjacent buildings have a direct impact on the guidance
results. After removing the candidate screening module, although the indicators are still higher
than some comparison models, the overall accuracy is significantly reduced, which indicates
that the consistency and feasibility screening after generating multiple candidate schemes is a
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necessary step to control the volume relationship and interface order stably. The full model
remains optimal in all four indicators, which also further verifies the synergy between the three-
part modules.

Table 5: Comparison of ablation experiment results for different modules

Guidance Boundary Block Moroholoaical
Model Configuration Consistency | Satisfaction | Coordination Devri)ationg/ o
| % /% /% °
Full Model 91.6 93.3 90.9 18.7
Without Morphologlcal 88.9 90.5 878 214
Prototype Generation
Without Constraint
Encoding Module 89.4 88.7 88.5 22.1
Without Candidate 90.2 90.8 89.1 203
Screening Module

Table 6 shows that although the number of parameters of the proposed method is higher
than MLP-Guidance, the average inference time is controlled at 29 ms, which is still at a high
response level and better than Graph-Constraint and Prototype-Search. Rule-Mapping is the
fastest, but its output depends on preset rules, which cannot adapt to diverse plot forms. The
proposed method maintains a good tradeoff among parameter scale, video memory footprint,
and inference speed, indicating that the morphological prototype and constraint encoding
module do not impose an unacceptable computational burden. For planning assistance scenarios,
this level of response time is sufficient to support batch plot analysis and interactive scheme
comparison.

Table 6: Comparison of computational efficiency versus response performance of different

methods
Method Number of Avera_ge Inference | Memory Single-Parcel
Parameters Time / ms Usage / MB | Response Level
Rule-Mapping 0 8 42 \ery High
MLP-Guidance 186432 24 318 High
Graph-Constraint 254780 31 406 Medium-High
Prototype-Search 301556 37 455 Medium
Proposed Method 276914 29 392 High

Comprehensive experimental results show that the proposed architectural form planning
guidance method can effectively convert the block style recognition results into block-level
control suggestions, and achieve stable performance in the dimensions of guidance consistency,
boundary satisfaction, block coordination and form deviation. The heat map results show that
the model has good adaptation ability in different plot scenarios. The table comparison results
further show that morphological prototype generation, constraint coding and candidate
screening together constitute the core source of planning guidance performance improvement.
It can be seen that the guidance mechanism based on morphological representation learning can
not only improve the computational consistency of planning output, but also provide a reusable
technical basis for subsequent urban design support and scheme generation.
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4 Conclusion

Focusing on the tasks of feature extraction of city block style and architectural form planning
guidance, this paper constructs an integrated computing framework consisting of multi-source
sample representation, deep feature extraction and morphological representation learning. The
experimental results show that the Accuracy of the model in the city block style recognition
task reaches 94.1%, Macro-F1 reaches 0.912, and Kappa coefficient reaches 0.894. The overall
recognition performance is better than Baselin-CNN, Single-Scale Encoder and Dual-Branch
Net, and the validation loss remains stable in the later stage of training, which indicates that the
joint modeling of street view images, remote sensing Windows and building shape indicators
can form a more reliable style representation.

In the plot scale building form planning guidance, the guidance consistency of the proposed
method reaches 91.6%, the boundary satisfaction reaches 93.3%, the block coordination reaches
90.9%, and the shape deviation is controlled at 18.7%. Compared with Rule-Mapping, MLP-
Guidance, Graph-Constraint and Prototype-Search, the proposed method shows more stable
output ability in complex plot boundaries and mixed block scenarios. The results of heat map
and ablation experiments show that morphological prototype generation, constraint coding and
candidate screening can jointly enhance the continuity and adaptability of the plot level control
results, and form a clearer correspondence between building height, interface retreat, roof
organization and volume combination.

However, this paper still has some limitations. The boundary division of block samples, the
accuracy of style labels and the quality of multi-source data registration will directly affect the
stability of morphological representation. Local misalignment or label coasing will weaken the
ability of prototype vectors to describe the real characteristics of blocks. In the updated mixed
area and high-density interleaved area, architectural style fracture, volume jump and road
interface mutation are more concentrated, and the differences between candidate schemes are
sometimes compressed to a small range, which affects the discrimination of the ranking results.
Although the model maintains a good overall performance in the cross-zone mixed samples,
the differences in road scale, development intensity, facade update frequency and control rules
in different cities still bring disturbance to the migration results. The existing framework is
mainly based on two-dimensional street view, remote sensing window and structural
morphological indicators, and it is not enough to absorb three-dimensional spatial relationships,
continuous changes in time and textual planning constraints, which also makes the model still
have room to continue to expand in more complex urban design scenarios.

The self-supervised pre-training and cross-city adaptation mechanism can be introduced in
the future research to enhance the generalization ability of the model to few-sample regions and
heterogeneous scenes. Temporal street view, 3D point cloud and planning text constraints were
incorporated to improve the dynamic response ability of morphological reasoning. The
combination of lightweight deployment and interactive parameter update enables the system to
serve more frequent urban design support and planning review processes.
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