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Abstract
To address the insufficient utilization of spatial distribution information in re-
mote sensing image land cover classification methods, this paper proposes a
random forest classification method based on superpixel statistics. The study
area is Haidian District, Beijing, with Landsat-8 satellite data employed as the
primary data source. The SLIC superpixel segmentation algorithm is improved
to adapt it for superpixel segmentation in multispectral remote sensing images.
Six common statistical measures of superpixels (minimum, maximum, mean,
standard deviation, upper quartile, and lower quartile) are extracted for random
forest classification of remote sensing images. Experimental results demonstrate
that the proposed method achieves an overall classification accuracy of 89.01%
for the study area, significantly reducing misclassification and omission errors of
ground objects, and can be generalized to land cover classification of Landsat-8
remote sensing images.
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Abstract: To address the insufficient utilization of spatial distribution infor-
mation in remote sensing image land cover classification methods, this paper
proposes a random forest remote sensing image classification method based on
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superpixel statistics. Taking Haidian District, Beijing as the study area and
Landsat-8 satellite imagery as the primary data source, we adapt the SLIC
superpixel segmentation method for multispectral remote sensing images and
extract six common statistical measures (minimum, maximum, mean, standard
deviation, upper quartile, and lower quartile) from superpixels for random for-
est classification. Experimental results demonstrate that the proposed method
achieves an overall classification accuracy of 89.01% for the study area, signifi-
cantly reducing commission and omission errors and demonstrating potential for
broader application in Landsat-8 remote sensing image land cover classification.
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iterative cluster (SLIC)
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0 Introduction
Remote sensing image classification represents a critical technology for remote
sensing information extraction. Over the past several decades, researchers
worldwide have dedicated substantial effort to improving classification accu-
racy. Remote sensing image classification methods generally fall into two cate-
gories: pixel-based classification and object-based classification. Pixel-based ap-
proaches treat individual pixels as the fundamental processing unit, neglecting
the spatial relationships among neighboring pixels and thereby limiting poten-
tial improvements in classification accuracy. In contrast, object-based classifi-
cation methods fully exploit both spectral and spatial distribution information,
yielding superior performance compared to pixel-based methods.

Image segmentation constitutes a key step in object-based classification, with
segmentation quality directly impacting classification accuracy. Superpixel seg-
mentation has emerged as a rapidly developing approach that facilitates the
extraction of local image features while effectively reducing computational com-
plexity for subsequent processing. Superpixel methods can be broadly classified
into two categories: graph-based approaches such as Normalized Cuts (NC),
Graph-Based Segmentation (GS), and Superpixel Lattice (SL); and gradient
descent-based methods including Watersheds (WS), Mean-Shift (MS), Quick
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Shift (QS), Turbopixels (TP), and Simple Linear Iterative Clustering (SLIC).
Among these, the SLIC algorithm offers advantages in segmentation speed, com-
putational efficiency, edge adherence, compactness, and controllable superpixel
quantity. While existing studies have applied SLIC to remote sensing image
segmentation, most have focused on color imagery rather than multispectral
data.

The Random Forest (RF) algorithm, an ensemble learning method based on
classification and regression decision trees, has garnered widespread attention
in remote sensing classification. Feature selection significantly influences RF
classification accuracy. Previous research has integrated spectral, shape, and
texture features for high-resolution imagery classification, incorporated Getis
statistics to enhance RF performance, and combined Moment Distance Index
(MDI) with spectral and topographic features for vegetation classification in
the Pamir region. However, no universally applicable feature selection method
exists for diverse remote sensing image types, leaving considerable room for
improvement.

This paper adapts the SLIC superpixel segmentation algorithm for multispectral
remote sensing images and extracts six statistical measures from superpixels as
features for RF-based land cover classification, thereby effectively utilizing both
spectral and spatial distribution information.

1.1 Random Forest
Random Forest is an ensemble classifier composed of decision trees
{𝑇 (𝑥, Θ𝑘), 𝑘 = 1, 2, ..., 𝐾}, where the final classification result is deter-
mined by majority voting among base classifiers. The basic RF workflow is
illustrated in [Figure 1: see original paper].

The algorithm proceeds as follows:
a) Using Bootstrap sampling to randomly draw 𝐾 training subsets from the
original dataset.
b) Constructing decision tree models from each of the 𝐾 training subsets, yield-
ing 𝐾 classification results.
c) Determining the final classification through majority voting among the 𝐾
results.

In step (b), the input variables for each decision tree are randomly selected
from 𝑀 features, typically with 𝑚 =

√
𝑀 (where 𝑚 represents the number of

features). Node splitting criteria commonly employ the Gini index and Entropy,
calculated as:

𝐺𝑖𝑛𝑖(𝐷) = 1 −
𝑚

∑
𝑖=1

𝑝2
𝑖
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𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷) = −
𝑚

∑
𝑖=1

𝑝𝑖 log(𝑝𝑖)

where 𝑚 denotes the number of classes in training dataset 𝐷, and 𝑝𝑖 represents
the probability of data belonging to class 𝑖.

1.2.1 SLIC Superpixel Segmentation Algorithm
The SLIC algorithm is a gradient descent-based superpixel segmentation method
that clusters pixels according to spatial and color distance similarity, requiring
only a single parameter 𝐾 to control the number of superpixels generated.

The basic SLIC workflow comprises:
a) Initializing seed points. On an image with 𝑁 pixels, seed points are uniformly
distributed with step size 𝑆 = √𝑁/𝐾. Within the 3 × 3 neighborhood of each
original seed point, the pixel with minimum gradient value becomes the new
seed point, and each seed receives a unique label.
b) Assigning labels to pixels. Within a 2𝑆 × 2𝑆 search window centered at each
seed point, distances between the seed and all pixels in the search range are
computed. Each pixel receives the label of its nearest seed point.
c) Updating seed points. The centroid of each superpixel is calculated and
becomes the new seed location.
d) Repeating steps (b) and (c) until convergence.
e) Removing multiply-connected and excessively small superpixels.

In step (b), distance similarity is measured in 5-dimensional space (CIELAB
color space [𝑙, 𝑎, 𝑏]𝑇 and coordinate space [𝑥, 𝑦]𝑇 ), computed as:

𝑑𝑐 = √(𝑙𝑖 − 𝑙𝑗)2 + (𝑎𝑖 − 𝑎𝑗)2 + (𝑏𝑖 − 𝑏𝑗)2

𝑑𝑠 = √(𝑥𝑖 − 𝑥𝑗)2 + (𝑦𝑖 − 𝑦𝑗)2

𝐷 = √(𝑑𝑐
𝑚 )

2
+ (𝑑𝑠

𝑆 )
2

where 𝑑𝑐 represents color difference between pixels 𝑖 and 𝑗 in color space; 𝑑𝑠
denotes spatial distance; 𝑆 is the seed spacing; 𝑚 is a constant balancing color
similarity and spatial proximity; and 𝐷 measures overall similarity, with smaller
values indicating greater similarity.
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1.2.2 Improved SLIC Superpixel Segmentation Algorithm
The original SLIC algorithm processes color images, whereas our data com-
prises multispectral remote sensing imagery with seven bands. We extend
the distance measurement dimension from 5 to 9 (color space: bands 1-7
[𝑏1, 𝑏2, 𝑏3, 𝑏4, 𝑏5, 𝑏6, 𝑏7]𝑇 and coordinate space [𝑥, 𝑦]𝑇 ), yielding the modified
distance formula:

𝑑𝑏𝑎𝑛𝑑 =
√√√
⎷

7
∑
𝑘=1

(𝑏𝑖𝑘 − 𝑏𝑗𝑘)2

𝐷 = √(𝑑𝑏𝑎𝑛𝑑
𝑚 )

2
+ (𝑑𝑠

𝑆 )
2

where 𝑑𝑏𝑎𝑛𝑑 represents color difference between pixels 𝑖 and 𝑗 in the 7-band space,
with 𝑏𝑖𝑘 and 𝑏𝑗𝑘 denoting pixel values at band 𝑘 for pixels 𝑖 and 𝑗, respectively.

1.2.3 Superpixel Statistics
Using the improved SLIC algorithm, we compute superpixels and extract their
features as classification vectors for the RF model, thereby leveraging spatial dis-
tribution information. From a statistical perspective and based on the boxplot
in [Figure 2: see original paper], a dataset’s distribution can be characterized
by six statistical measures: minimum (min), maximum (max), mean (mean),
upper quartile (upperQ), lower quartile (lowerQ), and standard deviation (std-
Dev). These six statistics collectively describe superpixel characteristics.

1.3.1 Algorithm Description
This paper integrates the improved SLIC superpixel segmentation with RF clas-
sification, using superpixel statistical features as input for remote sensing image
land cover classification. The technical workflow is shown in [Figure 3: see
original paper].

The main processing steps are:
a) Preprocess Landsat-8 OLI multispectral imagery, including radiometric cali-
bration, atmospheric correction, mosaicking, and clipping to the study area.
b) Apply the improved SLIC algorithm to segment the image into superpixels,
clustering similar pixels within local regions. Extract six statistical measures
(min, max, mean, stdDev, upperQ, lowerQ) for each superpixel across each band
as statistical features representing the superpixel region.
c) Combine multispectral bands, texture features, and superpixel statistics as
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input variables to construct an RF classification model and generate the land
cover map.
d) Validate classification accuracy.

In step (b), superpixel segmentation using the improved SLIC algorithm is illus-
trated in [Figure 4: see original paper]. For each superpixel block, we extract 42
statistical features across 7 multispectral bands (7 × 6 = 42), as shown in [Figure
5: see original paper]. Texture features in step (c) are computed from the Gray-
Level Co-occurrence Matrix (GLCM), including mean, variance, homogeneity,
contrast, dissimilarity, entropy, angular second moment, and correlation—eight
features calculated for each of Landsat-8’s seven multispectral bands.

1.3.2 Algorithm Complexity Analysis
This study employs SLIC superpixel segmentation and random forest classifica-
tion for remote sensing image analysis. Assuming an image contains 𝑁 pixels,
the RF algorithm uses 𝐾 decision trees with 𝑀 classification features. The SLIC
segmentation algorithm has time complexity 𝑂(𝑁), while the RF classification
algorithm has approximate complexity 𝑂(𝐾𝑀

√
𝑀 log(𝑁)).

2.1.1 Study Area Overview and Classification System
This study focuses on Haidian District, Beijing (39°53�–40°09�N, 116°03�–
116°23�E) ([Figure 6: see original paper]). The district features a temperate
humid monsoon climate with cold winters and hot, rainy summers. Covering
430.77 km² with terrain sloping from high in the west to low in the east, the
western mountainous area is forested while the eastern and southern plains
contain mixed farmland and scattered residential areas. Ten rivers and several
reservoirs (including Yuyuantan and Shangzhuang) create a typical urban land
cover mosaic. Based on the national land use/land cover classification system
and the characteristics of Landsat-8 data, we define five land cover classes:
water, cultivated land, forest land, built-up area, and bare land.

2.1.2 Data Source
The remote sensing data were downloaded from the United States Geological
Survey (USGS) website as L1T terrain-corrected Landsat-8 OLI multispectral
imagery. One scene (path/row: 123/032, acquired October 3, 2013) covers the
study area after preprocessing. High-resolution Google Earth imagery served as
auxiliary data for training sample selection and accuracy validation.
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2.2.1 Software
We used ENVI 5.3.1 for image preprocessing and IDL as the development lan-
guage, combined with the EnMAP-Box tool for experimental validation. The
experimental platform employed a 2.10 GHz processor, 6 GB RAM, and Win-
dows 7 64-bit operating system.

2.2.2 Sample Selection
Training and validation samples were selected through visual interpretation of
Landsat-8 false-color composite imagery ([Figure 7: see original paper]) with ref-
erence to high-resolution Google Earth imagery, ensuring uniform distribution
across the study area. Stratified random sampling was employed, with details
provided in (note: training and validation samples are independent).

2.2.3 SLIC Superpixel Segmentation and Feature Extrac-
tion
Segmentation scale critically affects statistical feature extraction when using
superpixels. For a segmentation scale 𝐾 in an image with 𝑁 pixels, the expected
superpixel size is 𝑁/𝐾. Larger 𝐾 values produce smaller superpixels, clustering
similar land cover types more effectively, but may lead to over-segmentation and
reduced computational efficiency beyond an optimal point. Conversely, smaller
𝐾 values generate larger superpixels that may group different land cover types,
causing under-segmentation. Therefore, selecting an appropriate scale requires
balancing segmentation quality and speed.

Given the 30 m spatial resolution and 987 × 999 pixel image size, we tested
𝐾 values of 10,000, 30,000, 50,000, 70,000, and 90,000. [Figure 8: see original
paper] shows local segmentation results for these scales visualized using mean
values from bands 5, 4, and 3. We extracted six statistical measures (min,
max, mean, stdDev, upperQ, lowerQ) for each superpixel across seven bands
(42 features), plus eight GLCM texture features (mean, variance, homogeneity,
contrast, dissimilarity, entropy, angular second moment, correlation) computed
in a 5×5 window for each band (56 features). These were combined with the
seven multispectral bands to create a 105-dimensional feature vector for each
pixel. Based on the experimental results in Section 3.2, we selected 𝐾 = 50, 000
as the optimal segmentation scale.
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2.2.4 RF Classification Model Construction
The RF classification model parameters were configured as follows: 100 decision
trees, feature subset size of 10 (𝑚 =

√
𝑀 , where 𝑀 = 105 candidate features),

and Gini index as the splitting criterion. The feature vector comprising 105 ele-
ments (7 multispectral bands, 42 superpixel statistics, and 56 texture features)
served as input to the RF model.

3.1 Classification Results
[Figure 9: see original paper] compares RF classification results using only multi-
spectral and texture features versus those supplemented with superpixel statisti-
cal features (at 𝐾 = 50, 000). The inclusion of superpixel statistics substantially
improves visual classification quality.

3.2 Accuracy Verification
[Figure 10: see original paper] illustrates classification accuracy for each land
cover type across the five segmentation scales. Forest land shows consistent
accuracy across scales due to distinct superpixel statistical characteristics, while
water, cultivated land, built-up area, and bare land exhibit greater sensitivity to
scale. The 𝐾 = 50, 000 scale yields highest extraction accuracy for these classes.
Average extraction accuracies across the five scales are 84.34% for water, 87.01%
for cultivated land, 89.25% for forest land, 85.47% for built-up area, and 89.23%
for bare land.

compares classification accuracy with and without superpixel statistical features
(at 𝐾 = 50, 000). The proposed method improves overall accuracy by approxi-
mately 5.2% and Kappa coefficient by 7% compared to using only multispectral
and texture features.

presents confusion matrices for both approaches. The superpixel-enhanced RF
algorithm improves classification accuracy for water, cultivated land, forest land,
built-up area, and bare land by 5.94%, 3.91%, 1.55%, 7.35%, and 8.28%, respec-
tively. The baseline method shows lower accuracy for water, bare land, and
built-up area, partly due to spectral confusion between built-up areas and bare
land. Superpixel statistical features at 𝐾 = 50, 000 significantly reduce commis-
sion errors between these classes and improve discrimination of water, forest,
and cultivated land, though forest land improvement is modest.
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3.3 Variable Importance Analysis
Feature importance quantifies a variable’s impact on classification accuracy.
In an RF model with 𝑁 decision trees, for variable 𝐹𝑖, the 𝑖-th tree computes
OOB error 𝑂𝑂𝐵1. After randomly permuting variable 𝐹𝑖 in OOB data, the
OOB error becomes 𝑂𝑂𝐵2. Variable importance is calculated as:

𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒(𝐹𝑖) = 1
𝑁

𝑁
∑
𝑖=1

(𝑂𝑂𝐵2 − 𝑂𝑂𝐵1)

Larger 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒(𝐹𝑖) values indicate greater variable significance.

[Figure 11: see original paper] ranks variable importance for the 42 superpixel
statistics (at 𝐾 = 50, 000) and 56 GLCM texture features, showing the top
30. Among these, 24 are superpixel statistics while only 6 are GLCM texture
features. The top three features are GLCM mean values, indicating their im-
portance. However, other GLCM texture features rank much lower and show
substantially less importance than superpixel statistics, demonstrating lower
discriminative power. This confirms that superpixel statistical features signifi-
cantly enhance classification accuracy.

4 Conclusion
This paper proposes an RF classification method for Landsat-8 multispectral im-
agery based on superpixel statistics. We extend and improve the SLIC algorithm
to generate superpixels for multispectral data and extract six statistical mea-
sures as classification features, effectively leveraging spatial relationships among
pixels to enhance feature discriminability. The method substantially improves
overall classification accuracy and Kappa coefficient while reducing commission
and omission errors. Variable importance analysis further confirms the critical
role of superpixel statistical features in improving classification performance.
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