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Abstract

In the task of ancient architecture image classification, due to the unconstrained
random initialization of the weight matrix, the existing random projection
branches cannot effectively focus on the key feature dimensions such as roof
contour and bucket arch structure. This not only weakens the core basis for
classification but also impairs the ability to distinguish between similar building
variants. Meanwhile, the training mode of inputting all samples at one time is
easy to cause the model to over-fit the architectural style of specific regions and
weaken the cross-regional generalization performance. To address these issues,
we propose an ancient architecture image classification with progressive stack-
ing pseudoinverse learning (AAPSP). It comprises two core modules: the key
features stacking pseudoinverse learning of ancient architecture (KFSP) and the
progressive optimization learning model of ancient architecture samples (POL).
Specifically, KFSP initializes the weight matrix to a specific pattern that con-
forms to the distribution of architectural features (such as Gaussian distribution
focusing on the roof contour, uniform distribution capturing decorative patterns).



By combining the attention mechanism (AM), a higher weight is assigned to the
base learner of key component recognition to optimize the feature space model-
ing. POL employs a dynamic sample screening strategy to preferentially select
sample iterative optimization models with rare features to reduce redundancy
and enhance generalization ability. Experiments on six types of Chinese ancient
architecture datasets show that AAPSP performs well in accuracy, precision,
recall rate and F1 score.

Keywords: Ancient architecture image classification, stacking pseudoinverse learning,
key features, sample progressive optimization

1 Introduction

Chinese ancient architecture carries thousands of years of construction skills and cul-
tural genes [1, 2]. Its core features such as roof shape, bracket structure and decorative
patterns have distinct regional and contemporary imprints. It is an important object
of digital protection of cultural heritage. With the development of ancient building
surveying and mapping technology and image acquisition methods, the image data
of various temples, palaces and other buildings are growing exponentially. It is dif-
ficult to meet the efficient management needs of large-scale image resources only by
relying on the traditional way of classifying ancient building experts through shape
comparison. As the core branch of computer vision, image classification technology [3—
6] provides a technical possibility for the automatic classification of ancient building
images. Its research has irreplaceable value for the construction of digital archives of
ancient buildings, auxiliary architectural style dating and rescue protection of cultural
heritage.

In the field of image classification, the deep learning algorithm [7-9] relies on the
autonomous learning ability of high-dimensional features. In the image classification
task with complex texture features such as ancient buildings, the accuracy is signif-
icantly better than the traditional manual feature extraction method. However, the
mainstream deep learning model relies on the gradient descent optimization strat-
egy [10], In the image classification of ancient buildings, it often faces problems such as
slow convergence and easy to fall into local optimum. Especially when there are subtle
differences such as similar roof curves and similar bucket arch variants in the sample,
the gradient update is easily disturbed by noise. To break through this limitation,
non-gradient descent algorithm has become an important supplement. Pseudoinverse
Learner (PIL) [11, 12] effectively shortens the training period and avoids the problem
of gradient disappearance with one-step non-iterative learning characteristics. Nev-
ertheless, due to the limited abstract ability of ancient architectural features, the
classification accuracy and generalization performance are insufficient. In contrast,
stacked generalization [13—17] uses the collaborative decision-making of multiple base
learners. It can capture multi-scale feature associations such as bucket arch com-
bination and ridge beast arrangement in ancient building images, and significantly



improve classification robustness. Yet, the complex layered structure makes it compu-
tationally expensive to process large-scale temple images. The stacking pseudoinverse
learner (SP) [14] integrates the advantages of both, retaining the characteristic of
fast convergence while improving accuracy, thus providing a new approach for ancient
architecture image classification.

As an ensemble learning framework, the performance of the SP is highly depen-
dent on its capacity to model the feature subspace of ancient buildings. The random
projection branch [18-23] constructs a multi-view feature space via feature mapping.
However, existing methods employ unconstrained randomly initialized weight matri-
ces, which struggle to focus on the critical feature dimensions of ancient buildings. For
instance, the roof slope and wall color are placed in the same feature weight, which
will dilute the core classification basis such as bucket arch, resulting in a decrease in
the ability of the model to distinguish similar building variants. At the same time, the
training mode of inputting all samples at one time is easy to make the model over-
fit the decorative style of specific regional buildings, resulting in classifier redundancy
and weakening the generalization ability of cross-regional ancient buildings.

Aiming at the particularity of ancient building image classification, we propose
an ancient architecture image classification with progressive stacking pseudoinverse
learning (AAPSP), which is used to optimize the capture and utilization efficiency of
ancient building features. The framework consists of two core modules:

(1) Key features SP of ancient architecture (KFSP): Aiming at the hierarchy of
ancient architectural features, the input weight matrix is initialized to a specific pat-
tern that conforms to the distribution of architectural features (such as focusing on
roof contour features with Gaussian distribution and capturing decorative patterns
with uniform distribution). Through the AM [24-27], a higher weight is assigned to the
base learner that identifies key components such as bucket arches and ridge beasts, so
that the stacked feature space is more suitable for tlie shape logic of ancient buildings,
and the classification accuracy and generalization performance are improved.

(2) Progressive optimization learning model of ancient architecture samples (POL):
Considering that there are a large number of redundant images with high similarity in
ancient architecture samples (such as the same palace facade taken at an angle). Based
on Active Learning (AL) [28, 29], we adopt a dynamic sample selection strategy-
dividing the data set into a training set and a candidate set, and preferentially select a
sample iterative optimization model containing a rare bucket arch shape and a special
roof combination through uncertain sampling. On the premise of not adding new
data, strengthen the learning of ancient building feature variants and reduce sample
selection bias.

Experiments on six datasets of Chinese ancient architecture show that AAPSP can
effectively identify the iconic features of ancient buildings and significantly improve
the classification accuracy and generalization performance.

The core contributions of this paper are as follows:

(1) The KFSP algorithm is proposed to strengthen the model’s ability to capture
the characteristics of key components of ancient buildings through feature distribution
constraints and attention mechanisms, and to solve the problem of feature weight
mismatch in random projection.



(2) The POL dynamic learning mechanism is constructed. Aiming at the contra-
diction between redundancy and scarcity of ancient building samples, the model is
gradually optimized by actively screening samples to reduce the risk of over-fitting.

(3) An AAPSP integration framework for ancient building classification is pro-
posed, which deeply integrates the feature modeling ability of KFSP with the sample
optimization strategy of POL to achieve the synergistic improvement of classification
accuracy and generalization performance of ancient building images.

(4) The empirical research on six typical ancient building datasets verifies the
ability of the proposed method to distinguish different architectural styles and compo-
nent features, and provides a new paradigm for the intelligent classification of ancient
building images.

The remaining organization of this paper is as follows. Section 2 introduces the
related research work of this paper, namely PIL, SP and AL. The algorithm of this
paper is introduced in detail in section 3. The experimental analysis is carried out in
section 4. Finally, section 5 summarizes the full text.

2 Related work

The research of this paper is based on PIL, SP and AL. Therefore, we briefly review
these methods.

2.1 PIL

To overcome the shortcomings of BP algorithm, Guo et al. proposed PIL algorithm
to train single hidden layer neural network (SHLN) [11]. In this work, the activation
function is considered as a hyperbolic function Tanh (-). Minimize the error function
in Equation (1) to find the weight parameter matrix V.

minimize|[YW — B|? (1)

Where Y = Tanh(XV) is the output matrix of the hidden layer, X is the input
matrix composed of N input vectors as its rows, d = n+ 1 column as the input vector
dimension n+ 1, B = ArcTanh(T), T is the target label matrix, composed of N label
vectors as rows, m columuns as the target vector dimension.

Equation (1) is a least squares problem, which can be solved by linear algebra. The
formal solution of W in Equation (1) is W = Y™ B, where Y is the pseudoinverse of
Y. It can also be written as:

YW-B=YY'B-B=0 (2)

If Equation (2) holds, then YY™ = I. In the works of Guo et al. [11], the number
of hidden layer neurons was set to N for the exact learning purpose.

Thus, a non-iterative fast learning algorithm PIL is obtained. In most cases, only
one step is needed to obtain the best solution.



2.2 SP

At present, a variety of studies have been carried out on SP, such as Guo et al. [14]
implemented basic SP. They used software reliability growth data to study stack gen-
eralization performance. It shows that for noisy data, using stack generalization cannot
improve network performance when over-trained network joins. Using a properly
trained network, stack generalization can improve network generalization performance.
In 2004, Guo et al. [15] also developed a supervised learning algorithm for feedforward
neural networks, PIL, which was tested by a case study of the stack generalization
application of software reliability growth data. The results show that the proposed
algorithm is very effective for the research of computationally intensive generalization
technology. In 2018, Guo et al. [16] proposed a hierarchical model for pulsar candi-
date selection, and assembled a set of trained basic classifiers. The model not only has
the advantages of high steady-state accuracy, but also has good generalization per-
formance. For multi-layer perceptron, Feng et al. [17] proposed an integrated model
for error modeling. The model contains three base learners, namely a single hidden
layer neural network trained by the PIL algorithm, the second is an AE model with
L2 loss, both AE and classifier are trained by the PIL algorithm, the last base learner
is an AE model with L1 loss trained by CD, and the classifier is trained by the PIL
algorithm. By adopting the idea of divide and conquer to adapt to different types of
noise, the results of all base learners will enter the meta-learner for further learning,
and finally get better performance classification results.

However, these methods obtain the base learner by randomly generating the input
weight matrix, ignoring the influence of the distribution of the random projection
block itself on the neural network.

2.3 AL

AL overcomes the limitation of limited availability of training samples by iteratively
selecting useful samples as training candidates [28]. The most commonly used sample
selection methods in AL are random selection [30], mutual information [31], discon-
nection [32], modified disconnection [33], uncertain sampling [34, 35], committee query
(QBC) [36], Fisher information ratio [37], ambiguit [28], and sample selection based
on spectral angle mapper and ambiguity (FSAM) [38]. These sample selection meth-
ods are classified according to whether the information used to select the sample is
spectral or spatial information. The latter depends entirely on the spatial distribution
of potential candidates.

But there is not much research on integrating spatial constraints into the AL
method [39-43]. Moreover, due to the iterative training of the classifier for each new
candidate, the computational complexity of these methods is very high [41]. To solve
the above problems, the batch mode AL method has been proposed, which takes into
account the uncertainty and diversity of the new selected samples [44]. Work [45]
emphasized the benefits of integrating spatial context information into AL, but it
did not consider the spatial distribution of newly selected samples. Nevertheless, this
method was later extended in [31] to take into account the spatial position of the newly
selected sample in the feature space. This conversion will lead to the phenomenon of



point-by-point dispersion in the spatial domain, resulting in multiple visits to the same
geographical location [46]. Therefore, the combination of spatial AL achieves better
performance than its pixel-level counterparts, and represents a novel and promising
research contribution, which has not been fully explored [46].

In 2020, Ahmad et al. [29] proposed an AL method of spatial prior generalized
fuzzy extreme learning machine autoencoder (GFELM-AE) to reduce sample selection
bias and maintain data stability in spatial domain. GFELM-AE is different from the
standard AL method in several aspects. GFELM-AE uses the ambiguity related to the
confidence of the training model to classify unknown samples [38], rather than using
uncertainty measures. Subsequently, GFELM-AE combines the fuzziness of samples
with their diversity to select new training samples with low similarity to existing
training samples. Finally, GFELM-AE maintains the balance of the selected sample
pool and provides the same representation for all classes to a certain extent, which is
achieved by softening the threshold at runtime. The classifier trained on such samples
provides better generalization performance on the initially misclassified samples.

3 AAPSP

In this section, we elaborate on the proposed algorithm AAPSP. Firstly, KFSP, one
of the core models of AAPSP, is introduced. It realizes the constraint modeling of
random projection by assigning specific distribution (such as Gaussian distribution
and uniform distribution) to the input weight matrix, so as to accurately focus on
the key feature dimensions of ancient buildings. On this basis, the POL is further
designed. The model realizes progressive SP by iteratively screening samples with high-
value information (such as rare bucket arch and special roof combination samples) to
optimize the generalization performance of the niodel. The specific structure of the
AAPSP algorithm is shown in Fig. 1.

3.1 KFSP

The core function of KFSP is to optimize feature modeling and solve the problem of
random projection weight inismatch and key features being diluted. The implemen-
tation of the model mainly includes three sub-steps: base learner acquisition (weight
initialization with feature distribution constraints), AM (key feature weighting), and
single hidden layer SP (feature space construction). The framework is shown in Fig. 2.

3.1.1 Acquisition of base learner

Multiple base learners process input samples in parallel, and the weight matrix of
each base learner is initialized to a specific distribution to match the characteristics
of ancient buildings. In this paper, we generate three V; with different specific dis-
tributions. Where V; and V5 are Gaussian distributions to focus on the roof profile
(continuous curve feature). They are subject to the expected value up, the stan-
dard deviation §;, and the expected value o, the standard deviation d2, respectively,
V3 obeys a uniform distribution in the interval [p, q] to capture decortive patterns
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(discrete texture features):
‘/1NN(SL'|,LL1,(5]_),‘/72NN(£|M2,62)7‘/3NU(]),Q) (3)

where N represents Gaussian distribution and U is uniform distribution.
At this time, the hidden layer output H; of the base learner is expressed as:

H; =0(X x V) (4)

where, i = 1,2,3, X is the input data and o is the Sigmoid activation function.
By the PIL algorithm, the output weight matrix W, can be calculated:

W; = H;" x arc(o)[T] (5)

where, i = 1,2,3, T represents the pseudoinverse operation, arc(c) is the inverse
activation function, and T is the target label matrix.
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At this point, the network output Y; of base Learner is expressed as:

where, i = 1,2, 3.

To verify the effectiveness of the aforementioned distribution constraint strategy,
this study conducts a visualization analysis of the feature responses of the three base
learners (see Fig. 3). A typical ancient architecture sample from the dataset is selected,
and heatmaps of the hidden layer outputs are piotied to intuitively demonstrate the
feature focusing effect. For the base learners V; /V5 initialized with Gaussian distri-
bution, the high-response regions (orauge) accurately cover the roof contour area,
while the response to non-roof regions is extremely weak (predominantly blue), with a
response ratio of 78.2%+3.5%. Notably, the response intensity of V5 is slightly higher
than that of Vi, further enhancing the capture of roof contour features. For the base
learner V3 initialized with uniform distribution, the feature responses are evenly dis-
tributed without cbvious extremely low-response regions, and the response ratio to
discrete texture features such as decorative patterns reaches 72.6%=+4.1%, verifying
the adaptability between distribution constraints and target features.

3.1.2 AM

In this section, we introduce the idea of AM to assign higher weights to the base
learners that identify key components such as bucket arches and ridge beasts and
weaken the influence of secondary features (such as wall color). The main processes
are as follows:
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Firstly, the similarity S; between the output Y; of three different random feature
distributions and the real label T is calculated, that is:

Y, xT

S = X 7
Vi< 170 @)

where, i = 1,2, 3.
After the nonlinear mapping of Equation (8) Sigmoid and the normalization of
Equation (9) Softmax, a new input weight matrix a; can be obtained.

1
i
4T e ®
e%i
a; = 3 (9)

Zj:l e

where, i = 1,2, 3.



3.1.3 Single hidden layer SP

The single hidden layer SP constructs a feature space that fits the ancient architectural
form logic by integrating the weighted base learner output, and outputs the classifi-
cation results (such as temple, palace and other categories). Specifically, according to
the new input weight matrix a; and the network output Y; of the base learner, the
hidden layer output H after the stack is :

H, = o(tempH) (10)

where, o is the Sigmoid activation function, and then the output weight matrix W
after the stack is obtained by the PIL algorithm:

W, = H x arc(o)[T] (11)

where T is the pseudoinverse operation, T is the actual label matrix, and arc(o) is the
activation function.
Finally, we obtain the output Y, of the meta learner:

Y, = H, x W, (12)

3.2 POL

The core function of POL is to dynamically screen samples to solve the problem of
over-fitting and weak generalization ability caused by redundant samples. It includes
three sub-steps: data set initialization division, uncertainty sampling (rare feature
screening) and sample iterative update.

3.2.1 Initialization partition of dataset

In this section, we divide the training samples into the training set Xy,q;n and the
candidate set X.qndidate, that is. the initial sample and the sample to be screened.
Specifically, we randomly select 20% of the images as the test set, 80% of the remaining
samples are divided into the training set, and 20% as the candidate set.

3.2.2 Uncertainty sampling

Based on the classification results of KFSP, the uncertain samples in the candidate set
are calculated, such as the samples with low prediction probability and high feature
rarity, and the samples with rare features are preferentially screened. Specifically,
according to the initialization weight matrix obtained by Xyqin training KFSP, the
meta learner of training X.qndidate t0 Obtain the candidate set outputs Y candidate-

3.2.3 Sample iterative update

We perform sample selection on Yy candidate, move the selected rare feature sample Xy
from the candidate set to the training set, and update the training set. Iteration is
repeated until the training set covers enough feature variants or reaches the number of
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iterations, and finally the classification results with high generalization performance
are obtained.

In fact, our proposed framework can be combined with any sample selection
strategy. This paper introduces a spatial prior generalized fuzzy sample selection strat-
egy [22, 23], which can not only maintain the stability of spatial domain data, but also
reduce the sample selection bias. By comprehensively considering the fuzziness and
diversity of the samples, the misclassified samples with low similarity to the training
samples are selected. The specific process is shown in Fig. 4, which mainly includes
three steps: preprocessing, ambiguity calculation and sample screening.

(1) Preprocessing

For the meta learner output results of C' categories and G candidate samples
Ys_candidate,; (where i € 1,2,...,C, j € 1,2,...,G), we first extract the index m cor-
responding to the maximum value of each column in the Y. .,ndidate matrix and retain
it. On this basis, to simplify the calculation process of the class edge probability dis-
tribution matrix, it is necessary to perform a preprocessing operation on Y; condidate:
it is transformed into a randomization result with values greater than 0 by Equation
(13).

sz,candwlmeij = %C(m (13)
where C' denotes the number of classes, rand(C,1) is a random vector of C' rows and
1 columns.

Then, the mth class of each candidate set is reassigned by Equation (14) to obtain

the class edge probability distribution matrix:

C
}/s,candidatemj =1- Z Y:s;candidateij (14)

i=1,i%m

wherei € 1,2,...,C, C is the number of categories, j € 1,2,...,G, G is the number of
candidate samples, m is the index value corresponding to the maximum value in each
column of the meta learner output Y candidate- stcandidatemj is the mth row and jth



c
column of Y candidate- > 1S a summation operation. Y Ys_candidate;; represents
i=1,i#m ’
the sum of column j and the remaining (C' — 1) rows except m.
In this case, if the category is a real category, its marginal probability will approach
1. At the same time, the marginal probability matrix needs to satisfy the properties
defined by Equation (15) and Equation (16) [22], as follows:

C
Z Y:s,candidateij =1 (15)
i=1
G
0 < ZYs,candidate,;j < G (16)
j=1

(2) Ambiguity calculation

The mathematical definition of the ambiguity E(Y;_candidate) of the membership
matrix Ys_candidate (corresponding to G candidate sets of class C) is shown in Equation
(17). The definition needs to strictly follow the constraints specified in Equation (15)
and Equation (16).

c G
-1
E(Yrs,candidate) = GxC § § [Ys,candidateij log(}/;,candidateij)
i=1 j=1

(17)

+ (1 - }/s,candidateij) log(l - ‘Afs,cund' dateij)

(3) Sample screening

By constructing the correlation matrix A = [E(Ys_candidate), Ys_candidates
Teandidate), the ambiguity index E(Ys candidate ), the prediction class label
Ys_candidate and the actual class label 7., 7idate are ternary correlated. Then, based
on the ambiguity value, the matrix A is arranged in descending order, and the error
classification samples satisfying the condition Y condidate # Teandidate are selected.
On this basis, the top f samples with the highest ambiguity X are extracted to form
an enhanced subset, which is incorporated into the original training set Xiqin. By
doing this, the updated training set and candidate set can be represented as:

Ytrain = [Xt'rain7 Xf], Xcandidate = Xcandidate - Xf (18)

4 Results and discussion

The experimental environment is the i9-9900X processor, Dell GeForce RTX 2080T1
graphics card computer.
4.1 Data sets and implementation details

The data set used in this experiment is a set of 6 types of Chinese ancient architec-
ture images provided by the State Key Laboratory of Pattern Recognition, Institute



of Automation, Chinese Academy of Sciences [47, 48] (as shown in Fig. 5), includ-
ing Shangqing_Palace, Zixiao_Palace, Jindin_Temple, Zhantan_Temple, Fayu_Temple
and Longquan_Temple. A total of 2269 images. This dataset is constructed purely
by Gao’s team [https://weigao-3dv.github.io/], which can be downloaded from
https://doi.org/10.57760/sciencedb.ai.00008 by contacting the owner as indicated in
the web site.

Image preprocessing operations were performed on all high-resolution images
before inputting into the network, including three key steps: (1) Proportional down-
sampling was conducted to uniformly adjust the image resolution to 224 x 224, where
the original aspect ratio of the images was strictly maintained and zero-padding was
applied to the edges, aiming to reduce computational complexity and adapt to the
input dimension of the model; (2) The downsampled images were normalized to scale
all pixel values to the range of [0,1], which eliminates the adverse impact of pixel
value magnitude differences on model training convergence and feature learning; (3)
No additional manual feature extraction operations were conducted, and the model
independently learned the deep features of ancient building images to ensure the objec-
tivity and authenticity of feature learning. The division rules of the data set are as
follows: 20% of the images are randomly selected as the test set, 80% of the remaining
samples are divided into the training set, and 20% as the candidate set. The specific
distribution is shown in Table 1.

Table 1 Dataset Details. The table lists the total number of six
categories of Chinese ancient architectural images, fixed resolution, and
the splitting of training, candidate, and test samples.

Datasets Number Sizes Train  Candidate Test
Shangqing_Palace 324 4368 x 2912 207 52 65
Zixiao_Palace 636 4368 x 2912 407 102 127
Jindin_Temple 418 4368 x 2912 267 67 84
Zhantan_Temple 158 4368 x 2912 101 25 32
Fayu_Temple 290 4368 > 2912 186 46 58
Longquan_Temple 443 4368 x 2912 284 71 88
Total 2269 - 1452 363 454

To weaken the interference of experimental randomness and accidental factors on
the results, all experiments were repeated 10 times independently, and the average clas-
sification accuracy (Mean) and standard deviation (STD) were used as performance
evaluation indicators. The model parameters are configured as follows: the number
of hidden layer neurons is set to 400, the base learner uses ReLU as the activation
function, and the stack layer uses Sigmoid as the activation function.

4.2 Evaluating indicator

In this paper, four evaluation indicators are used to quantitatively evaluate the per-
formance of the model, including Accuracy, Precision (P), Recall (R) and F1 Score.
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The specific calculation formula is as follows:

TP+ TN

A - 19
CUrAY = TP X TN + FP+ FN (19)
TP
p—_ -t
TP+ FP (20)
TP
(21)

R=Tp T FN
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Fig. 6 Evaluation of KFSP algorithm

PxR

P+ R
where TP represents the true case (the actual positive case and the number of samples
correctly predicted as positive cases), TN is the true negative case (the actual negative
case and the number of samples correctly predicted as negative cases), FP represents
the false positive case (the actual negative case and the number of samples incorrectly
predicted as positive cases), FN is the false negative case (the actual positive case and
the number of samples incorrectly predicted as negative cases).

F1=2x

(22)

4.3 Comparison of P, R and F1
4.3.1 Evaluation of KFSP algorithm

In this section, the P, R and F1 score of KFSP algorithm and unconstrained SP
(UCSP) before and after stacking are compared and analyzed on the ancient building
dataset. Among them, UCSP uses a random initialization method without specific
distribution constraints to generate an input weight matrix. The experiment aims
to verify the effectiveness of the proposed stack model through two aspects, one of
which is to compare the results before and aiter the stack. The second is to verify
the effectiveness of KFSP on the specific distribution constraints of the input weight
matrix by the performance difterence with UCSP. The specific results are shown in
Fig. 6.

From Fig. 6, it can be scen that the scores of P, R and F1 after stacking are
slightly higher than the independent results of the three base learners, which con-
firms the effectiveness of integrating base learners with different specific distributions.
Further comparison shows that the indexes of KFSP after stacking are significantly
better than those of UCSP. This is because KFSP imposes specific distribution con-
straints on random features, so that the new feature space generated after stacking has
stronger adaptability to data distribution, thus effectively improving the classification
performance of the model.

4.3.2 Evaluation of AAPSP algorithm

This section shows the P, R and F1 scores of the proposed algorithm on the ancient
architecture dataset, as shown in Fig. 7. The experimental results show that the P,
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Fig. 7 Evaluation of AAPSP algorithm

R and F1 scores of the model are significantly imiproved after POL, and the average
values of P, R and F1 after POL reach 71.25%, 32.71% and 43.81% respectively, which
verifies the effectiveness of the dynamic sample screening strategy to enhance the
classification performance of the model.

4.3.3 Comparison before and after POL

In this section, the P, R and F1 of the KFSP algorithm and the AAPSP algorithm pro-
posed in this paper (i.e., the complete model of KFSP fused with POL) are compared
on the ancient architecture dataset. The results are shown in Fig. 8. Experiments show
that the indexes of the test set optimized by POL are significantly higher than those
of the KFSP model before optimization. This result is due to the fact that POL iter-
atively filters misclassified samples with high fuzziness, which makes the model more
targeted in the learning of key difficult samples, thus providing stronger generalization
ability for the original misclassified samples in KFSP. Specifically, after the introduc-
tion of the active learning mechanism, the P value of the model is increased by 2.26%
on average, the R value is increased by 1.67% on average, and the F1 value is increased
by 1.88% on average, which further verifies the gain effect of the POL module on the
KFSP performance.
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Fig. 8 Comparison of KFSP and AAPSP

Table 2 Comparison of KFSP and UCSP. The table compares the training
and testing accuracy of UCSP and KFSP in its base learner and meta-learner.

Methods Models Training accuracy Testing accuracy

Base learnerl 82.38 £+ 0.00 59.69 + 0.02

UCSP Base learner2 82.71 + 0.01 58.70 + 0.01
Base learner3 81.93 + 0.01 62.34 £+ 0.02
Meta Learner 89.72 + 0.00 66.58 +0.01
Base learnerl 84.98 + 0.00 61.12 £ 0.06

KFSP Base learner2 85.39 + 0.00 59.20 +0.01
Base learner3 85.18 + 0.00 59.42 + 0.04
Meta Learner 92.25 £ 0.00 70.04 + 0.00

4.4 Accuracy comparison
4.4.1 Accuracy comparison before and after stacking

In this section, the average classification accuracy of KFSP and UCSP algorithms
before and after stacking is compared on the ancient architecture dataset (expressed as
Mean (%) & STD (%)). The results are shown in Table 2 (where the black thickening
term is the optimal result). The experimental data show that the overall performance
of KFSP algorithm is better than that of UCSP algorithm. Specifically, After stacking,
the average test accuracy of KFSP is 8.92%, 10.84% and 10.62% higher than that of its
three base learners respectively, and 3.46% higher than that of UCSP after stacking,
which further verifies the effectiveness of feature distribution constraint and AM to
improve the performance of the model.

4.4.2 Accuracy comparison before and after POL

In this section, the average classification accuracy of the KFSP model before POL
optimization and the AAPSP model formed after POL optimization (expressed as
Mean (%) £ STD (%)) is compared on the ancient building data set. The results are
shown in Table 3 (where the black bold item is the optimal accuracy). It can be seen
from the table that after POL optimization, the average test accuracy of the AAPSP



Table 3 Comparison of KFSP, Our_all and AAPSP. The table gives the
training and testing accuracy of KFSP, Our_all and AAPSP (Ours).

Model Training accuracy (%) Test accuracy (%)

KFSP 92.25 £ 0.00 70.04 £ 0.00

Our_all 86.92 £ 0.47 71.04 £0.89
AAPSP (Ours) 90.27 4 0.01 72.47+ 0.35

model is 2.43% higher than that of the KFSP, which fully verifies the effectiveness of
the proposed POL model in enhancing the generalization performance of the model.

4.4.3 Comparison of AAPSP and Our_all algorithms

This section compares the average classification accuracy of the AAPSP algorithm
and Our_all algorithm on the ancient architecture dataset (expressed as Mean (%) +
STD (%)), where Our_all algorithm refers to the results of KFSP training performed
directly on all training images. The specific data is shown in Table 3. The results show
that the average accuracy of AAPSP algorithm is significantly higher than that of
Our_all algorithm.

In summary, under the premise of the same total amount of training images, the
performance of the proposed algorithm (that is, by dividing the training image into an
initial training set and a candidate set, and iteratively screening high-value samples
from the candidate set to optimize the KFSP) is better than the training mode of one-
time use of full training images, which verifies the advantages of the dynamic sample
screening mechanism to improve the efficiency of the inodel.

5 Conclusion

In this paper, AAPSP is proposed to solve the problems of random projection feature
weight mismatch and limited model generalization ability in ancient architecture image
classification. This method uses the KFSP model to constrain the feature distribution
of the weight matrix and weight the AM to achieve accurate focus on the key features
of ancient buildings (such as bucket arch shape and roof contour), and combines
the dynamic sainple screening strategy of the POL model to effectively reduce the
interference of redundant information and enhance the generalization ability of the
model to cross-regional and multi-variant ancient buildings. The effectiveness of the
proposed framework in the image classification task of ancient buildings is verified
on six datasets of Chinese ancient buildings, which provides theoretical support and
technical reference for image intelligent classification in digital protection of cultural
heritage.

A key limitation of this work is that the model suffers from degraded classification
performance on few-sample categories (e.g., the 4th category with limited training
samples). Insufficient training data prevents the model from adequately learning the
distinct feature patterns of such categories, leading to weak feature discriminability
and a significant drop in classification accuracy. In future work, we will optimize the



model to better adapt to few-sample learning scenarios, strengthen feature representa-
tion and discriminability, and further improve classification accuracy for small-sample
categories.
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