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Abstract—The Broad learning system (BLS) has been used
for image classification tasks due to its efficient training and
evaluation progress. However, BLS encounters challenges in
remote sensing scene classification tasks due to its unclear
parameter configuration and the large image size. To address
these limitations, we propose the VBLS model which takes
tokens from a vision transformer instead of raw images as
input, thereby reducing the computational cost of vanilla BLS
while capturing both local features and global relationships.
Moreover, key BLS parameters can be directly defined by the
number of tokens, simplifying the model configuration. The
proposed model with total time consumption of 106.07 seconds
and 370.05 seconds without GPU acceleration on two public
datasets AID and EuroSAT, respectively. These results represent
an order of magnitude faster than deep learning models using the
same computing configurations, while maintaining comparable
classification accuracies.

Index Terms—Broad learning system, remote sensing, scene
classification, vision transformer

I. INTRODUCTION

Remote sensing (RS) scene classification is an essential step
in various Earth observation tasks such as precision agriculture
[1] and urban planning [2]. As the data size and complexity of
the RS images grow, traditional handcrafted feature descriptors
[3] are incapable of capturing complex spatial relationships
in RS images and often lack generalization ability between
diverse RS images, which limits their application to complex
RS data.

Researchers introduced many convolutional neuron net-
works (CNNs) into RS image scene classification tasks and
achieved promising results [4]. As datasets for RS scene
classification usually include fewer samples than those for
traditional image classification, training CNN models from
scratch can be difficult. Thus, the researchers proposed strate-
gies for fine-tuning pre-trained models on RS datasets [5]. In
addition to fine-tuning pre-trained models, the performance of
CNNs can be improved by capturing and fusing features from
different levels of RS images [6]. Although CNNs achieved
promising classification accuracy on some RS datasets, they
usually neglected long-range contextual relationships in RS
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images, which are particularly important for scene classifica-
tion tasks. On the other hand, the vision transformer (ViT)
[7] captured long-range contextual relationships in RS images
by introducing self-attention layers. Thus, scholars combined
ViT with CNN in various ways to capture local and long-range
information in RS images [8].

Although both CNN-based models and ViT-based models
achieved promising results in RS scene classification tasks,
they require extensive training due to their complex architec-
tures [9] and require GPUs acceleration. However, in many
real-world deployment scenarios for RS data analysis, such
as edge devices, embedded systems, and large-scale online
inference services, GPUs are often unavailable or impractical
due to constraints on power consumption, physical space,
and system compatibility. Consequently, the machine learning
models in these systems must be executed efficiently on CPUs.
In addition, the vanilla ViT calculates tokens for all patches
in input images but only uses the class token for classification
[7]. Thus, further explorations are required on how to fully
utilize the output of the ViT’s encoder.

The broad learning system (BLS) [10] offers fast training
and inference due to its simple structure and training algo-
rithm. BLS has been used as a classifier in RS applications
when combined with deep learning models [11]. However,
BLS’s performance is sensitive to its parameter settings. Re-
searchers often carried out many trials to find optimal settings
[11] due to the lack of systematic methodologies [12]. BLS
also requires proper per-processing to avoid potential issues
of excessive memory usage when processing RS images.

II. PROPOSED METHOD

To address the challenges faced by BLS in RS images while
maintaining its efficiency during training and evaluation, we
introduce a ViT encoder to reduce the memory usage in BLS
during the feature mapping stage by decreasing the size of the
weight matrices W;. The incorporation of the ViT encoder also
helps define parameters in BLS. The proposed model can fully
exploit all tokens from the ViT encoder while demonstrating
an order of magnitude reduction in training time compared to
deep learning models using the same computing configuration.
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Fig. 1. Structure for the proposed model.

We also present an optimization strategy for the BLS structure
to optimally set the number of windows in the feature mapping
layer.

A. Model Overview

The proposed model is designed to reduce the training time
of ViT and improve the performance of the BLS model on
RS images. As shown in Fig. 1, our model introduces a BLS
classifier that can efficiently process all tokens from the ViT
encoder. The input images are first resized to 224 x 224 then
processed by a pre-trained ViT encoder and get a 3D matrix
with shape [B, No+1, K] where B is the batch size, No+1 is
the number of tokens (N, tokens from patches and one class
token), and K is the length of each token. In our model, the
feature mapping layer extracts high-level features from patch
tokens using (1) where X; is the patch token, W; is a randomly
generated weight matrix and Fj is the i" feature window in
the feature mapping layer. Since the class token encodes the
global relationship, it is not suitable for the role of the feature
mapping layer, which focuses on local feature processing. So,
the number of windows in the feature mapping layer is set to
the number of patch tokens Ns.

The local information from the feature mapping layer does
not contain the global relationship between patches. Hence,
the class token concatenates the output of the feature mapping

S Output
projection layer
Enhancement layer
layer F' = [Fy, Fb,..., Fy,|, forming a new matrix F/ =

[F'|class_token] that contains both local information and their
global relationships. The enhancement layer E is calculated by
(2), where ¢(-) is a non-linear activation function, and W' and
(B’ are a randomly generated weight matrix and bias vector,
respectively. Then, we concatenate outputs from the feature
mapping layer and the enhancement layer, and calculate final
classification results like vanilla BLS.

E=¢(FW +8) o)

B. Feedforward and Training

Denote the input matrix of BLS as X € RN*M that
contains N samples with M features in each sample. The
feature mapping layer F' = [F}, Fy,..., Fng] is calculated
by (1) from input matrix, where F; is the i*" window in
the feature mapping layer , W, and f; are a randomly
generated weight matrix and bias vector for each window,
respectively. A sparse autoencoder is introduced to update W,
to improve the ability to extract features. The enhancement
layer E = [F4, Es, ..., Ens] are calculated by (2).

Denoting H = [F|E], the output Y for BLS is calculated
by (3) where the weight matrix W is the target for training
BLS.

Y =HW 3)

Performing directly calculating the pseudo-inverse matrix
HT can be difficult because its size is usually large. Thus,



BLS introduces the ridge regression algorithm shown in (4)
to approximate H T where ) is a number for regulation and
I is an identity matrix. The final step for BLS training is to
update the weight matrix W using (5).

HT =M+ HH")"1HT 4)
W=H"Y =(M+HH")'HTY 6))

C. Optimization Strategy

The efficiency of BLS is affected by three key parameters:
the number of windows in the feature mapping layer (INa2),
the number of nodes in each window (/V7), and the number of
nodes in the enhancement layer (/V3). These parameters affect
the size of weight matrices and bias vectors in BLS. However,
different combinations of N; and N5 will lead to different time
consumption in BLS, even the number of nodes in the feature
mapping layer is the same. This variability further increases
the difficulty of finding an optimal BLS configuration for RS
scene classification tasks. We propose iterative optimization of
the three parameters as follows. Firstly, we need to identify
the parameter that affects the BLS’s efficiency most in order
to improve the overall performance of the model. To find this
parameter, the algorithm evaluates the time consumption of
the BLS classifier under different parameter settings. When
increasing one of the parameters, the other two parameters
remain unchanged. Based on the BLS configurations in [11]
and [13], we define the parameter search space shown in Table
I where each row varies one parameter while fixing the others,
with the specified step size.

TABLE I
PARAMETER SETTING FOR BLS

N Ny N3 Increment per step
10 — 200 20 2000 10

200 1—20 2000 1

200 20 100 — 2000 100

We use the RSSCN7 [14] dataset (2800 RGB images with a
resolution of 400 x 400 pixels) as an example to demonstrate
the optimization strategy, the results are shown in Fig. 2. The
time consumption of the classifier increases rapidly when there
are more nodes in the feature mapping layer, while increasing
the enhancement nodes (N3) does not bring significant changes
in time consumption (fluctuates around 70 seconds). When
comparing the trend of the curves shown in Fig.2 and the
time consumed by the BLS, adding more windows (/N3) to
the feature mapping layer leads to higher time consumption
and a steeper growth in processing time. Thus, setting N5 to a
specific number will weaken the impact of structural changes
in BLS’s performance.

Instead of determining the most suitable Ny for different
datasets through extensive experiments, this paper proposes a
more general method that can be applied to different datasets.
We notice that the outputs of the ViT encoder have the shape
of [tokens, length]. However, only the class token is used for
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Fig. 2. Time consumption under different BLS structures.

classification, while other tokens are abandoned in the classi-
fication procedure. Since the local information in patch tokens
cannot be ignored in RS image scene classification tasks, we
utilize all tokens from ViT encoder in the proposed model,
which ensures that BLS can capture both local information
and global relationship within the input images.

Following this idea, the feature mapping layer in the
proposed model will process tokens from patches. The en-
hancement layer, which integrates information from all feature
windows, will process the global relationship. Treating all
patch tokens as the input of BLS as vanilla BLS does may
lead to an out-of-memory problem due to the large W,
(tokens xlength x N7) in (1). To address the above problems,
one feature window in our model processes a single patch
token from the ViT encoder, which means that each W; only
has (length x Np) elements. Meanwhile, the parameter N5 is
defined as the number of patches in the ViT encoder.

III. EXPERIMENTS
A. Datasets and experiment settings

We evaluated our model on two widely used RS image
datasets: AID [15] (10000 RGB images with a resolution of
600 x 600 pixels, 30 categories) and EuroSAT [16] (27000
RGB images with a resolution of 64 x 64 pixels, 10 categories).
We selected 90% of the samples from each category as training
sets, and the rest 10% of the samples form the evaluation set
for each dataset.

All experiments were run on a computer with an Intel(R)
Xeon(R) w5-2465X CPU and 134 GB RAM. The coding
environment includes Ubuntu 24.04, Python 3.11, and Pytorch
2.4.0. We used ViT encoders pre-trained on the ImageNet-1K
dataset [17] with two patch sizes 16 x 16 and 32 x 32, and
the length of each token is 768. In this section, we denote
VBLS models with these encoders as VBLS (16 x 16) and
VBLS (32 x 32), respectively. To highlight the computational
performance of all models, we use the results obtained from
CPU execution as a benchmark for empirical evaluation.

B. Feature Extractor Selection

Several ViT variations employ different patch sizes and
token lengths [7], which affect the our model’s performance
by influencing the parameter Ny and the size of W;. Thus, we
need to find the optimal feature extractors for the proposed



TABLE II
FEATURE EXTRACTOR IMPACT

Dataset Patch size  Patches  Token length OA (%) Time (s)
AID 16 x 16 196 768 81.52 £ 0.31 481.32
16 x 16 196 1024 86.36 £+ 0.86 931.78

32 x 32 49 768 84.60 £+ 0.57 106.12

32 x 32 49 1024 82.72 £0.31 210.10

14 x 14 256 1280 88.24 £0.64  2298.26

EuroSAT 16 x 16 196 768 94.52 £0.18  1552.74
16 x 16 196 1024 97.06 £0.21  2713.54

32 x 32 49 768 95.53 £0.14 370.18

32 x 32 49 1024 93.80 £ 0.09 623.07

14 x 14 256 1280 94.76 £0.04  6716.17

TABLE III

BLS PARAMETER CONFIGURATION

Model N1 N2 N3
VBLS (16 x 16) 10 196 1000
VBLS (32 x 32) 10 49 1000

Vanilla BLS 150 20 1000

model by comparing the overall accuracy (OA) and the time
consumption on the target datasets. The results shown in Table
IT are the average of 5 experiments. We denote those ViT
variants using their patch size and token length (B for models
with 768 token length, L for models with 1024 token length,
and H for models with 1280 token length). For example, ViT-
B/16 means the ViT feature extractor module with 16 x 16
patch size and 768 token length.

Compared to models that use ViT-B feature extractors, those
employing ViT-L extractors with the same patch size require
roughly twice the computation time across all datasets. Models
that use ViT-L/16 achieve a higher OA in the two datasets, but
their time consumption is 9 times higher than those that use
ViT-B/32 feature extractor due to the larger parameter size of
the ViT-L/16 architecture [7]. In contrast, ViT-B/32 offers a
better trade-off between OA and computational cost. Models
with the ViT-H/14 feature extractor spend the longest time and
do not significantly improve OA. Since our goal is to reduce
the model’s time consumption, the ViT-H/14 feature extractor
is not suitable for our model. Therefore, we adopt ViT-B/16
and ViT-B/32 as feature extractors in the proposed VBLS.

C. Classification Results

In this section, we compare the performance of VBLS with
other deep learning models in OA and time consumption. All
deep learning models are pre-trained on ImageNet-1K and
fine-tuned on the target datasets. The time consumption for
deep learning models is the first time that they achieved the
highest OA. The configurations of different BLS classifiers are
listed in Table III. Experimental results are shown in Table
IV, where OA and time consumption listed in the table are
the average values over 5 experiments.

Compared to deep learning models, VBLS significantly
reduces the time consumption in the AID and EuroSAT
datasets. VBLS is nearly 8 times faster than the fastest deep
learning model ResNet18 [18] on AID, and ranks as the second

TABLE IV
PERFORMANCE ON DIFFERENT DATASETS
Model AID EuroSAT
Time (s) OA (%) Time (s) OA (%)

ResNet18 [18] 816.50 82.3+0.28 176.77  86.64 +£0.12

ResNet50 [18] 2541.64  83.42+£0.29 746.07  90.30 £ 0.40

WideResNet50 [19] 3845.04  81.48£0.16 1707.90 83.79 £0.32
ViT-B/16 [7] 5531.32  82.96+0.002  13464.34  94.77 £ 0.001
ViT-B/32 [7] 1043.11  84.90 £ 0.002 1510.12  96.22 £ 0.0007

MaxViT [20] 4309.35 84.12 £ 0.52 2977.06 95.41+£0.15

DeiT [21] 5839.24  84.10 £0.06 23053.33 95.07 + 0.04

MobileNetV2 [22] 1958.95 83.18 + 0.86 4242.07 94.96 + 0.19
BLS [10] 529.18  19.50 + 0.0022 377.05  36.24 +0.0007

VBLS (16 x 16) 481.32 81.52 £ 0.31 1552.74 94.52+0.18

VBLS (32 x 32) 106.12  84.60 + 0.57 370.18 95.53+0.14

fastest model on EuroSAT. Although ResNet18 halves the time
consumption to 176.77 seconds for training and evaluation,
its OA is approximately 10% lower than that of our model.
Compared to the light-weighted MobileNetV2 model [22], our
model is 10 times faster while slightly improving OA in two
datasets. Our model achieves the second-highest OA in two
datasets, slightly lower than that of ViT-B/32, while offering
a favorable trade-off between accuracy and efficiency.

In terms of different feature extractors, VBLS (32 x 32) is
five times faster than VBLS (16 x 16) and achieves a higher OA
in all three datasets. As VBLS (16 x 16) processes nearly five
times more patch tokens than VBLS (32 x 32), we think this
is the reason for the difference in efficiency. Table V shows
the time consumption of our model in detail. Indeed, VBLS
(16 x 16) spends three to five times longer than VBLS (32 x 32)
in all three stages. VBLS (16 x 16) achieves a lower OA than
VBLS (32 x 32), which implies that excessively increasing
the number of nodes in the feature mapping layer can have a
negative influence on the model’s performance.

TABLE V
DETAILED TIME DECOMPOSITION

Dataset Model Extraction (s)  Training (s)  Evaluation (s)
AID VBLS (32 x 32) 104.74 1.33 0.05
VBLS (16 x 16) 477.59 3.58 0.15
EuroSAT  VBLS (32 x 32) 367.39 2.66 0.13
VBLS (16 x 16) 1544.19 8.10 0.45

IV. CONCLUSION

In this paper, we proposed a novel model for efficient RS
scene classification. The proposed model defined the number
of feature window (V) in BLS with the number of patches
of the ViT encoder, which provided an optimal method for
the configuration of the BLS parameters. The BLS classifier
can efficiently use all the tokens from the ViT encoder
instead of only using the class token, which avoided potential
information loss. The proposed model worked at least five
times faster than many deep learning models on two public
RS datasets AID and EuroSAT, and achieved a classification
accuracy of 84.6% and 95.53%, respectively.
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