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Abstract Crop classification during the early stages
is challenging because of the striking similarity
in spectral and texture features among various crops.
To improve classification accuracy, this study pro-
poses a novel fusion-based deep learning approach.
The approach integrates textural and spectral features
from a fused dataset generated by merging Landsat
8-9 and Sentinel-2A data using the Gram-Schmidt
fusion approach. The textural features were extracted
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using the multi-patch Gray Level Co-occurrence
Matrix (GLCM) technique. The spectral features,
namely the Enhanced Vegetation Index (EVI) and
Normalized Difference Vegetation Index (NDVI),
were obtained using the spectral index method. The
five machine learning methods (deep neural network,
1D convolutional neural network, decision tree, sup-
port vector machine, and random forest) were trained
using textural and spectral parameters to develop
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classifiers. The proposed approach achieves promis-
ing results using deep neural network (DNN), with an
accuracy of 0.89, precision of 0.88, recall of 0.91, and
F1-score of 0.90. These results demonstrate the effec-
tiveness of the fusion-based deep learning approach
in enhancing classification accuracy for early-stage
crops.

Keywords Image fusion - Feature integration -
Multi-patch GLCM - Crop classification - Deep
learning - Early-stage crop

Introduction

Recently, remote sensing technology has gained
popularity in agriculture. It offers cost-effective and
timely data for monitoring crops, predicting yields,
and classifying crops (Demelash et al., 2021). Remote
sensing technology offers different platforms, making
it possible to detect and monitor spatial and temporal
activities of any area whose data is required accord-
ingly. The most commonly used remote platforms in
monitoring land use and land cover (LULC) are sat-
ellites (e.g., Sentinel-1, Sentinel-2, Landsat 8, and
MODIS).

Numerous studies have been conducted to clas-
sify crops on remotely sensed satellite images
using deep learning (DL) and machine learning
(ML) methods, achieving incredible results. Satel-
lite image results differ based on their spatial and
temporal resolutions. As an image’s spatial resolu-
tion grows, its pixel area shrinks, revealing more of
the image’s characteristics in each pixel. It identi-
fies the smallest pixel area that can be determined
(Mulla, 2013). The temporal resolution provides
a time series method, which makes it easy to clas-
sify crops from time to time at different phenologi-
cal stages (Inglada et al., 2016; Messina et al., 2020;
Yi et al., 2020). In recent years, crop classification
has become more accessible due to increased high-
resolution and multispectral images. The Landsat-8
satellite, having a spatial resolution of 30 m and a
total revisit duration of 15-16 days, is also used in
crop classification. Landsat-8 provides multispec-
tral (MS) images that help to classify and differen-
tiate the data of the required crop from other crops
in the same area. Recently, the Sentinel-2A satellite
also provides multi-spectral imagery data, which is
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available publicly for monitoring land use and land
cover (Wang et al., 2022). It has multiple sensors
mounted on it, which cover 13 spectral bands rang-
ing from visible to near-infrared (NIR) and short-
wave infrared (SWIR) wavelengths, with a spatial
resolution of 10 m and a total coverage duration of
5-10 days (Messina et al., 2020).

Numerous studies have been conducted to under-
stand how Sentinel and Landsat time series data
contributed to agriculture. To examine the effective-
ness of multiple ML classifiers in crop-type mapping
using different image set combinations for pre-har-
vest crop classification using Sentinel-2 data. As in
a study by Li et al. (2022), U-Net has been applied
for crop type mapping in early growth periods in
the Hetao irrigation district in China using time-
series Sentinel-2 imagery. A study by Maponya et al.
(2020) reveals that pre-harvest photos can identify
crops accurately, with solid classification accuracies
(77.2%) obtained 8 weeks before harvest using sup-
port vector machine (SVM) and random forest (RF)
classifiers. Sentinel-2’s potential was explored for
identifying early crops in Northeast China in another
study. The findings of the experiments showed that
B12, NDTI, LSWI, and NDSVI were critical in the
early stages of crop identification (Wei et al., 2022a,
2022b). To accurately classify the crops at different
stages of their growth, various studies introduced
deep-learning techniques and the use of satellite
time series data. Using Sentinel-2 time series data,
Wang et al. (2021) integrate crop geography infor-
mation into a better Convolutional Block Attention
Module (CBAM), called Geo-CBAM. To enhance
the CNN model’s spectral and spatial attention, the
Geo-CBAM module is included. The model natu-
rally assigned varied weights to the qualities, with
red-edge values in the middle of the year receiv-
ing greater attention. In another study, Seydi et al.
(2022) proposed an attention module, a deep learn-
ing CNN model that makes use of a dual-attention
convolutional neural network, which has a Dam for
the classification of crops using time series Senti-
nel-2 imagery. The proposed DAM includes both
spectral and spatial attention modules, improving
feature extraction based on crop patterns and spatial
arrangements. A high level of accuracy was obtained
with the help of the proposed framework and the per-
formance surpassed such models as RF, XGBoost,
R-CNN, and CBAM, which points to the efficiency
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of the approach, which can be used in remote sens-
ing for accurate crop-type differentiation. Whereas to
categorize winter wheat in Shandong, China, Zhang
et al. (2021) provided an automated early-season
method (AEMMS) based on Sentinel-2 time-series
data. The AEMMS technique predicts that the winter
wheat in the area is in the early season phenological
phase and has the largest biomass increase of all the
winter crops. Some studies explore the potential of
DL neural networks, such as the row anchor selection
classification technique (RASCM; Wei et al., 2022a,
2022b) for early-stage crop row-following utilizing
GhostNet, a lightweight deep convolutional neural
network (DCNN). In another study, the transformer
framework crop classification has been carried out
for Sentinel-1 and Sentinel-2 data. This model does
not include temporal interpolation in intra-season
classification; it obtains high F1 scores (greater than
0.8 for pre-harvest classification) and may be applied
to ends like yield estimation and water balance mod-
eling (Weilandt et al., 2023). In another study, three
DL models for early-stage crop categorization using
Sentinel-1A SAR were used: 1-Dimensional Convo-
lutional Neural Networks (1IDCNNs), Long Short-
Term Memory (LSTM) Recurrent Neural Networks
(RNNs), and Gated Recurrent Unit (GRU)-RNNs
(Zhao et al., 2019a, 2019b). The findings demon-
strate that 1D CNNs attained a Kappa coefficient
of 94.2%, while the GRU RNNs accomplished the
maximum significant value of 0.934 more quickly
than other classifiers. In one study, Conv1D and Sen-
tinel-2 data with a 5-day interval achieved an over-
all accuracy of 0.83 for early-season crop mapping
in the Shiyang River Basin (Yi et al., 2022). Using
Sentinel-2A data, automated approaches were intro-
duced to map crop types. In a study by Nasrallah
et al. (2018) to map winter wheat using high-reso-
lution Sentinel-2 imagery, a unique approach was
introduced: Simple and Effective Wheat Mapping
Approach (SEWMA). SEWMA is a tree-like tech-
nique that uses the Normalized Difference Vegeta-
tion Index (NDVI) readings over four months corre-
sponding to various phenological stages of wheat to
detect crop growth that uses cadastral data and satel-
lite images (Hsiou et al., 2022).

Apart from using Sentinel data, different studies
have been conducted using Landsat satellite imagery
data because of its high temporal resolution, which
provides detailed information on the phenological

cycles of crops. In one study, an EVI-based deci-
sion tree mapping approach for mapping paddy
rice fields was presented. The study looked at how
the quantity and temporal distribution of Landsat
pictures affected classification precision. Multi-
temporal photos can differentiate between early,
late, and double-cropping rice only and medium
rice with an overall accuracy range between 71.8%
and 85.8% (Cao et al., 2021). In another study per-
formed by Zhong et al. (2019), two DL models were
created, one based on Conv1D layers and the other
on LSTM. The outcomes demonstrated that the
Conv1D-based model outperformed LSTM and non-
deep-learning classifiers, achieving an F1 score of
0.73 and maximum accuracy of 85.5% using Land-
sat Enhanced Vegetation Index (EVI) time series.
In another study, an end-to-end architecture that
uses an LSTM-RNN model to enhance and stream-
line land cover mapping was used to achieve an
overall accuracy of 97.0% (Sun et al., 2019). Multi-
temporal data using deep learning approaches have
also shown the potential for crop classification (Xia
et al., 2022; Zhang et al., 2018). The integration of
the Landsat time series and the Common Land Unit
(CLU) was conducted to solve the cloud interference
issue. It was observed during the study that combin-
ing Landsat image data and CLU enhanced classi-
fication accuracy (Cai et al., 2018). The integration
of Landsat 7/8 and Sentinel-2A/B time series pho-
tos suggests a new technique for mapping cropping
intensity. The method extracts the entire growth
cycle and considers crop phenology. This method
is helpful for accurately capturing the changes in
the planting patterns of cropland (Pan et al., 2021).
The use of satellite image time series (SITS) in
combination with high spatial and temporal resolu-
tion optical data was employed for early crop-type
detection. Combining Landsat 8 SITS with Senti-
nel-1 SAR photo time series (Inglada et al., 2016),
the authors discovered that classification accuracy
might improve significantly, enabling earlier land
cover mapping than when optical images are used
alone. In another study, a digital elevation model
(DEM) for mapping irrigated crops using Sentinel-1
SAR image series and Landsat 8 optical images
was introduced. The findings suggest that combin-
ing multiple data sources (radar, optical, and DEM)
enhance early classifications of irrigated crops, with
a kappa coefficient of 0.89 compared to 0.84 for
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sorts using each data type independently. However,
as crops reach maturity, the DEM is no longer rele-
vant (Demarez et al., 2019). However, another study
by Kordi and Yousefi (2022) combined time series
optical, SAR, and digital elevation model (DEM)
data. The findings of that study demonstrated that
using ideal Landsat 8 spectral bands with vegetation
indices and Sentinel-1 polarization channels with
extra textural information gave excellent classifica-
tion accuracy of 77.0% and high accuracy of 89.0%
for the two datasets, respectively.

Several studies considering the importance of
features for crop classification showed the impor-
tance of features. The most commonly evaluated
features are spectral and textural, impacting the
crop’s discriminative characteristics. Various stud-
ies showed that short-wave infrared (SWIR-1) and
red-edge band 1 (RE-1) spectral features produced
superior classification proficiency (Yi et al., 2020;
Zhang et al., 2020). However, the selection of suit-
able features is important to achieve acceptable
results. To select the best features, different stud-
ies suggest different feature selection models, such
as Phenology-based Spectral and Temporal Feature
Selection (PSTFS) proposed by Hu et al. (2019).
The PSTFS approach used MODIS data from Hei-
longjiang Province in China in 2011 to create an
excellent map of maize that had an 85% accuracy
rate. Seydi et al. (2021) proposed a method to
assess wildfire impacts over Australia using Senti-
nel-2 and MODIS images in Google Earth Engine
(GEE). It used change detection and machine
learning approaches to generate binary maps of fire
scars and mapped a new feature selection technique
with an average accuracy of 91.0%. Although the
overall effectiveness of the approach was proven
for large-scale burned area mapping, the use of the
MODIS LULC product had a relatively low reso-
lution for the land cover classification. Seydi et al.
(2024) further enhanced the evaluation of SBS by
developing a physics-constrained machine learn-
ing model that combines VBS with climatology,
meteorology, and ecology. It scored an accuracy
of 89.0% and underscores how the differenced
normalized burn ratio (dANBR) and climatic fac-
tors affecting SBS are essential to guide post-fire
management and recovery efforts. In another study,
a hybrid CNN-RF network was introduced. The
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optimum spectral bands for crop mapping were
chosen using the optimal feature selection method
(OFSM), which was shown to perform better over-
all accuracy than the two conventional feature
selection techniques, such as RF feature integra-
tion and RF-random feature elimination (RF-FI
and RF-RFE; Yang et al., 2020). The random forest
classifier with spectral indices produces more pre-
cise results (Rahmati et al., 2022). In the study of
Kobayashi et al. (2020), classification accuracy was
significantly increased, reaching a total accuracy
of 93.1%. The findings of the study suggested that
a total of eight spectral indices resulted in achiev-
ing such accuracy. However, some studies (e.g., Fei
et al., 2022; Tang et al., 2018) showed that NIR
displays the most value among spectral features for
the classification of crops. However, using an indi-
vidual type of feature limits, various spectral and
textural data were utilized indicating that exploring
different features showed the importance of tex-
ture features alongside spectral features (Fei et al.,
2022; Wang et al., 2022).

The Gray Level Co-occurrence Matrix
(GLCM)-based texture features play a very impor-
tant role in distinguishing the crops at their initial
stages. In one study, the accuracy was improved by
more than 10.0% when textural information was
added to the SAR data (Koley and Chockalingam,
2022). Whereas in another research, spectral and
textural elements derived from SAR and optical
data for calculating maize Leaf Area Index (LAI)
and biomass were integrated. The findings of the
experiment showed that maize LAI and biomass
estimates were much more accurate thanks to tex-
ture features, while SAR texture features greatly
impacted biomass estimation (Luo et al., 2020).
While using the Gray Level Run Length Matrix
(GLRM) and Local Binary Pattern (LBP) algo-
rithms to retrieve textural features, classify various
Iranian wheat kinds with around 95.0% accuracy.
The study showed that approaches for extracting
texture information from images and processing
that information accordingly could result in achiev-
ing greater accuracy (Khojastehnazhand and Roos-
taei, 2022). Several studies were conducted using
color and texture for crop classification (Mekhalfa
and Yacef, 2021; Muneer and Fati, 2020; Yuan
et al., 2019).
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Identifying crop types at their early growth stages
is difficult because of their texture and color simi-
larity (Igbal et al., 2021). Classifying crops in their
early phases is challenging because there are not
many characteristics that can be used to differenti-
ate between the many types of crops at these early
stages of growth. Various agricultural applications,
such as determining cultivated lands, projecting
yields, and conducting prompt interventions for effec-
tive resource allocation and management, depend on
accurate classification at the initial stages.

Therefore, this study is focused on a novel fusion-
based approach for early-stage crop classification.
The approach captures a thorough representation
of crop properties, enabling improved identifica-
tion between two different crop varieties (wheat and
maize) by incorporating both textural and spectral
signals from a fused dataset. The Feature Weighting
Method (FWM) is also used to improve classification
accuracy by enhancing the derived features’ capac-
ity to discriminate between different classes. The
dataset produced by the merger of Landsat 8-9 and
Sentinel-2A data offers improved spatial and tem-
poral resolution, enabling the detection of minute
alterations in crop properties throughout their early
growth phases. The main contribution of this research
is developing a fusion-based strategy using a deep-
learning approach for early-stage crop classification.

To achieve that, the feature extraction from fused data
was performed using multi-patch GLCM and spectral
indices method. After this, the integration was done
to get the best features for the classifier to learn and
get accurate results.

Materials and methods
Study area

The study area selected for this research is the
District Vehari of Southern Punjab (Pakistan).
This area lies between latitude 29°3,505,100 N to
30°2,202,100 N and longitude 71°4,305,400 E to
72°5,804,300 E approximately (Fig. la). District
Vehari is geographically characterized by fertile
land and semi-arid climatic conditions. The District
Vehari agricultural landscape offers a distinctive
environment for researching early-stage crop classi-
fication. The area is well suited for studying the pro-
cess of crop classification and monitoring through-
out the early phases of growth since it undergoes
different seasonal variations and crop growth pat-
terns. The months of June, July, and August exhibit
the highest air temperatures, with mean values rang-
ing from 38 to 48 °C. The region is irrigated by the
waters of the rivers Ravi and Sutlej, and its primary

Study Area Visualization

(a) Map of the study area generated using ArcGIS 10.8.2
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(b) False Color Composite

Fig. 1 Map of the study area generated using ArcGIS 10.8.2 (a) and false-color composite image of the region (b)
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crops include rice, wheat, maize, sugarcane, and
cotton (Saeed et al., 2020).

Dataset
Landsat time-series data

Satellite imagery from Landsat 8-9 that was gathered
as part of the L1 Collection makes up the dataset used
in this study. Landsat Path 15 and Row 39 cover the
study area. To provide temporal coverage and capture
the dynamic changes in the research area’s vegetation
over time, the Landsat imagery is captured at regular
intervals. The Landsat provides a temporal resolu-
tion at 8-day intervals. This temporal data is essential
for early crop classification because it makes it pos-
sible to recognize various growth phases and pheno-
logical patterns in crops. The dataset of a total span
of December 2021 to April 2022, consisting of 317
Landsat images, was created. A thorough investi-
gation of the development of crops during the early
stages can be performed using the dataset. The Land-
sat imagery under the L1 Collection offers a high spa-
tial resolution of 30 m and captures data in several
spectral bands, including the visible, near-infrared,

and shortwave infrared regions of the electromag-
netic spectrum. Table 1 shows the details of the seven
bands that are used in this study. The dataset was col-
lected from the site (https://earthexplorer.usgs.gov/),
which is available publicly.

Sentinel time-series data

The Sentinel-2A satellite is also used to get data for
the study area and provides images at a high spa-
tial resolution of 10 m with a temporal resolution of
5 days and 13 spectral bands. The level-2A surface
reflectance is used to get atmospherically corrected
images of the study area. A total of 348 images were
collected over the regular period of the Sentinel-2A
temporal resolution. Temporal dynamics make the
dataset more suitable for early-stage crop classifica-
tion. The data was collected based on the crop calen-
dar of the study area from December 2021 to April
2022. This multi-spectral information provides valu-
able insights into crop health, vigor, and composition.
Table 2 shows the details of spectral bands used for
the dataset. The data of Sentinel-2A is collected from
the site (https://dataspace.copernicus.eu/browser/),
which is publicly available.

Table 1 Detailed

. . Band number Description Wavelength Resolution
information of seven bands
from Landsat 8-9 Band 2 Visible blue 0.450 to 0.515 pm 30 m
Band 3 Visible green 0.525 to 0.600 pm 30m
Band 4 Visible red 0.630 to 0.680 pm 30 m
Band 5 Near-infrared 0.845 to 0.885 pm 30m
Band 6 Short wavelength infrared 1.56 to 1.66 ym 30m
Band 7 Short wavelength infrared 2.10 to 2.30 ym 60 m
Band 8 Panchromatic 0.50 to 0.68 pm 15m
Table 2 Sentinel-2A Band Resolution Central Wavelength Description
spectral bands
B2 10 m 490 nm Blue
B3 10 m 560 nm Green
B4 10 m 665 nm Red
B5 20 m 705 nm Visible and near infrared (VNIR)
B8 10 m 842 nm VNIR
B8a 20 m 865 nm VNIR
Bl1 20 m 1610 nm Short-wave infrared (SWIR)
B12 20 m 2190 nm SWIR
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Ground truth data

Ground truth information was gathered from 16 sepa-
rate field stations inside the study region of District
Vehari, Pakistan. Gathering ground truth data acts
as a standard for calibrating and confirming the out-
comes of the remote sensing study. Field surveys
were conducted to gather ground truth information.
To achieve reliable geo-referencing of the ground
truth data, exact position coordinates were also cap-
tured using mobile GPS applications.

Data preparation

The proposed solution mainly focused on the clas-
sification problem of crops at early stages in com-
plex environments. The methodology is divided into
the following steps: (1) data preprocessing, (2) data
fusion, (3) feature extraction, (4) feature fusion, and
(5) classification, which can be seen in Fig. 2.

Data preprocessing

The framework of the suggested fusion-based deep
learning solution for early-stage crop classification
includes preprocessing, which is a crucial step. It is
designed to improve the quality of the incoming data
and get it ready for additional analysis and feature
extraction. The noise or irregularities in the input data
were eliminated using denoising and outlier detection
methods. For the improved presentation of vegetative
cover and types of land use, an image with NIR, red,
and green bands was raster created into a false-color
combination. Figure 1b consists of the composite
image in which red pixels represent healthy vegetation

Data Preprocessing Data Fusion

conditions while the other colors represent other land
characteristics. Radiometric calibration by Yang et al.,
(2020) was done using ArcGIS (10.8.2) to uniformly
scale the pixel values across various sensors or images.
This stage takes the changing weather, illumination,
and sensitivity into account for the before and after
effects. The atmospheric correction was conducted
using dark object subtraction, which is the simplest and
most popular method for adjusting the atmospherics
of an image. This technique counts on the presence of
a surface reflectance of zero or very little. All pixels
are deducted from the minimum DN value found in a
scene’s histogram. The next step of data preprocessing
was image resampling. Sentinel-2A and Landsat 8-9
images have different spatial resolutions of 10 m and
30 m, respectively. To ensure spatial consistency and
uniform pixel size, cubic convolution resampling was

o5 NDVI Trends of Wheat and Maize Over Time

—4— Wheat
0.6 —&— Maize

0.5 1

0.4
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0.3 1
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Déc Jaln Felb M'ar A;;nl
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Fig. 3 The graph illustrates the monthly average change in
NDVI for wheat and maize over five months. Wheat grows
most actively in March, reaching its highest level. Maize val-
ues for NDVI are even lower, which indicates differences in the
crop’s time of growth

Feature Extraction Feature Fusion Classification
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Fig. 2 Architectural flow chart of proposed methodology
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done. A weighted average of the 16 pixels that are clos-
est to the input coordinates is employed in the cubic
convolution technique to identify the grey levels of an
image. After that, the output coordinates are given the
resulting value. In general, people prefer this approach
to bilinear interpolation. Sentinel-2A and Landsat 8-9
spectral bands were used to produce new composite
images that emphasize particular features crucial for
the classification process (Fig. 3).

Data fusion

Data fusion was done after preprocessing using
Gram-Schmidt fusion techniques Zhao et al., (2019a,
2019b). This fusion approach makes sure that the
redundant and correlated information from the input
images gets discarded, while the fused image retains
the spectrum information from the input images. The
technique produces a fused image by orthogonalizing
the input images and captures the distinctive spectral
properties of each input image, making it appropri-
ate for purposes such as early-stage crop categoriza-
tion. It is fast and easy to deploy and provides highly
integrated images. This technique produces the pan-
chromatic band for Sentinel-2A and the low synthetic
resolution panchromatic band from Landsat images.
It does that by taking the mean values of all the bands
of images. In this fusion technique, the first principal
component is removed, and the information is dis-
tributed among all pixels. It is particularly important
for improving the spatial and spectral properties of
the original datasets as applied in the Gram-Schmidt
fusion technique. The fused image from Landsat’s
panchromatic band and Sentinel-2A’s spectral bands
maintains both high spatial and spectral resolution,
which were not achievable in the standalone images
of the two satellites. It has to be noted that the orthog-
onalization process maintains nominal spectral distor-
tion, so the merged dataset is suitable for highly accu-
rate tasks, for example, crop classification.

In particular, the method retains items like veg-
etation indices and texture, which are crucial for the
precise identification of various crops. This enables
us to have an accurate fused image that represents the
heterogeneity of agricultural fields. Also, the process
helps to reduce noise and duplicity and integrates the
fused dataset in that it is computationally tractable for
analysis.

Feature extraction

This step performs the extraction of texture and
spectral features from the fused dataset. The texture
feature extraction was conducted using GLCM, and
spectral features were generated against Vegetation
Indices (VI). The multi-patch GLCM technique is
an image patch-based technique by Moazzam et al.
(2021) used for texture feature extraction. This
technique captures pixel-by-pixel information of
the whole image. The sliding window approach is
used, and a window size of 15 pixels inclusive of
four patch statistics is used to capture the patch-
by-patch information of the image. This technique
moves systematically across the image, aimed at
extracting textural as well as spatial information
in small areas referred to as patches. Therefore, all
patches give local information that enhances classi-
fication accuracy, particularly in zones that contain
growth boundaries (Haryanto et al., 2021; Wu et al.,
2022). Hence, GLCM was applied to extract the
texture features. The most commonly extracted fea-
tures using GLCM are correlation (COR), contrast
(CON), energy (angular second moment ASM), and
entropy (ENT). GLCM provides pixel information
based on angle orientation and the distance of the
pixels from each other. The robust characterization
of texture required extracting features correlation,
contrast, energy, and entropy from GLCM, whereas
four different angular orientations (0°, 45°, 90°, and
135°) were used for this purpose.

Table 3 Mean and standard

45° (Mean+SD)  90° (Mean+SD)  135° (Mean +SD)

et GLCM feature  0° (Mean+SD)
deviation of GLCM features
at different orientations Correlation 0.31+0.02
Contrast 0.25+0.02
Energy 0.15+£0.02
Entropy 0.29+0.03

0.28+0.01 0.32+0.03 0.30+0.02
0.23+0.01 0.26+0.02 0.24+0.02
0.14+0.01 0.16+0.01 0.15+0.01
0.27+0.02 0.30+0.03 0.28+0.02
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Table 4 Spectral and spatial indices

Description

Equation

Index name

This index is an arithmetic balance of NIR and red reflectance; refers to Normalized Dif-
ference Vegetation Index. Higher values suggest a healthy amount of vegetation

ey

_ NIR—Red
= NIR+Red

NDVI

NDVI

Improved NDVI; superior to the enhanced vegetation index as it negates the impact of
aerosols, or atmospheric, canopy influence. G, C1, C2, L for correction

@)

NIR—Red
NIR+6+Red—7.5¢Blue+1

EVI=25-

EVI

Calculates the correlation of pixel pairs; larger correlation values are usually seen in
uniform texture which can be used to determine the structure of crops

3

0;0;

N (=p)(=PG)

DY

']

N
i=

Correlation = Y,

“Correlation

pixels; large values signify high contrast and convey regions of interest within crop

Conveys the difference between the pixel value of a location and that of its surrounding
fields

(C))

= )*PG, j)

= Zf\ilzjli

Contrast

Contrast

Also termed as angular second moment; this parameter outlines how the textural vari-
ation occurs across the particular region of interest, with its larger value implying

5)

=¥ XL PG

Energy

Energy

reduced variance in the texture common in any given area of uniformly growing crops

Calculates pixel intensity dispersion; higher entropies imply variation in texture for crops
to distinguish them

6)

PG, log(P(i. )

= —Zf\ilzfl\i

Entropy

Entropy

In this study, the scenario was designed to cover
different angles and assign adequate distance so that
good and reliable texture features were extracted. The
mean measured values from texture features along
these angular directions appear in Table 3.

The texture variables are expressed in Table 4.

In Egs. 14, (i,j)th represents the component of
normalized symmetric of the co-occurrence matrix.
u and v values are constants that correspond to the
“mean” or “center” of the distribution. They show
how distant each index is from the center values when
subtracted from the relevant indices, i and j. The vari-
ables connected to indices i and j are represented by a
joint probability P(i,j). This signifies the covariance
between the two variables in the context of correla-
tion, whereas N represents the maximum summation
possible over which i and j are summed (Fig. 4).

The spectral index method is used to extract
spectral features. Spectral indices are mathematical
algorithms that combine distinct bands from mul-
tispectral photographs to highlight unique traits of
vegetation or crops. These indicators can offer use-
ful details regarding the density, water content, and
other crucial characteristics of the vegetation. The
Enhanced Vegetation Index (EVI) and Normalized
Difference Vegetation Index (NDVI) are used in
this study. EVI was selected because of its ability
to describe changes in canopy structure and vegeta-
tion conditions at the beginning and middle periods
of crop development. EVI lessens the influence of
the atmosphere and the canopy, while the difference
makes EVI applicable in crop identification in com-
plex terrains (Hao et al., 2020). The mathematical
representations for both EVI and NDVI are men-
tioned in Eqgs. 5 and 6, respectively. All equations
of spectral and spatial indices with some technical
descriptions are given in Table 4.

The six features described above (correlation, con-
trast, energy, entropy, EVI, and NDVI) were used
as input parameters for classifiers employed in this
research. The five datasets, according to various time
series, were constructed: t1 (40,000 vectors obtained
after data fusion and feature extraction carried out on
images from December 11 to January 25), t2 (45,000
vectors obtained based on images from January 29 to
February 15), t3 (50,000 vectors obtained based on
images from February 19 to March 10), t4 (55,000
vectors obtained based on images from March 14
to April 6), and t5 (60,000 vectors obtained based
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Fig. 4 Spectral and texture feature variation

on images from April 10 to April 30). These vec-
tors are developed as the outcome of data fusion and
feature extraction from the satellite images acquired
at different times. Each vector is for the set of attrib-
utes derived from the related images, which enable
a fine-grained temporal analysis of crop phases.
From patches of the fused image, vectors were
extracted, and each patch represented a particular
time-series interval. This was done from ground truth

@ Springer

determination of the various crop types to ensure
each vector contained the right information about the
crop type at a given development stage. This leads to
time series datasets with vectors encompassing spec-
tral as well as textual data that help achieve accurate
classification at various growth stages of crops. All
classification tools, described in the “Classification
methods” section, were trained using T1-T5 datasets.
For this process, datasets were randomly divided into
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training and validation sets in proportion of 80:20,
detail by time interval with training, validation, and
test set sizes are presented in Table 5.

Feature fusion

The Feature Weighting Method (FWM) was used to
validate the weighting parameters for spectral and tex-
tural information. The FWM calculates the standard-
ized distance automatically and modifies the weights
between spectral and textural parameters following
the standardized distance expressed in Eq. 7. The fol-
lowing sections describe the specific steps involved in
using FWM to combine spectral and textural features:

Creating a sequence of connections between the
GLCM textural variables and the VI variables, where
the rows represent the variables and the columns
depict how each variable’s values have changed over
time.

Determining each variable’s mean and variance
values as well as the standardized distance between
each pair of variables.

Using the sum of the spectral and texture features
in proportion, calculate the weighting factors and the
standardized distance between each pair of features.

J X; = X;
norm — w, + Wj (7)
where d,, represents the standardized distance,

x; and x; are the mean values, and w; and w; are
the standard deviations of each kind of variable,
respectively.

Assuming that the feature expressions of all vari-
ables are X oing =[x, X2 ...xym, x,1, %2, x,n],
and m and n are the quantities of the spectral and
textural variables, respectively. If the weighting fac-

tors for spectral information and textural variables are

represented as w, and w,, then the following formulas
can be obtained:

_ iydi/me (m+n)

Wl m+n (8)
k=1 i
m+n
1 i /m e (m +n)
Wy = k=n+1 i ©)
i=1 %

where m and n are the numbers of spectral indices,
and d, is the standardized distance between each vari-
able calculated from Eq. 7.

In this research, the novelty is in using image
fusion and feature fusion concurrently in a one-
stop manner, which is relatively unique within the
first phase of crop classification. In previous work,
image fusion and feature fusion have been employed
separately, whereas we create a compact method for
improving both spatial as well as spectral resolution
by integrating the two stages in our approach. This
integration permits the fused dataset to maintain the
high spatial resolution that is lost when employing
the per-band PCA while maintaining the spectral
features, which is beneficial for achieving a high
level of accuracy for characterization and particu-
larly for the early crop stages, where it is difficult to
get an accurate classification. This additional fusion
step enabled us to set up an adequate feature vector
that encompasses not only spectral but also spatial
properties of crops.

After the fusion stage, the resulting feature vec-
tor is of size six dimensions, which involves two
vegetation indices (EVI and NDVI) and four tex-
tural features of correlation, contrast, energy, and
entropy images from both Sentinel-2A and Land-
sat 8-9 data. These dimensions describe impor-
tant aspects of the spectral and textural appearance

Table 5 Detail of datasets
by time interval with

Time interval

Period covered

Total samples ~ Training set ~ Validation set ~ Test

training, validation, and test size (80%) size (10%) ?%fyge
set size
Tl Dec 11-Jan 25 40,000 32,000 4000 4000
T2 Jan 29-Feb 15 45,000 36,000 4500 4500
T3 Feb 19-Mar 10 50,000 40,000 5000 5000
T4 Mar 14-Apr 6 55,000 44,000 5500 5500
T5 Apr 10-Apr 30 60,000 48,000 6000 6000
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of crops at the early stages of their development.
Because of the higher order of correspondence and
dependency of these features, a deep neural network
(DNN) is used for classification. As for the fused
features, the DNN’s multilevel architecture enables
it to acquire complex relationships between them.
This proves that DNN is vital in dealing with the
fused high-dimension feature space in the early crop
classification stage.

The quantitative analysis of the fusion-based
methodology involved comparing features obtained
from individual data sources and combined features
through the system, as presented in Table 6.

A quantitative evaluation of spectral and textural
features obtained from analysis confirmed that Gram-
Schmidt fusion yielded exceptional results. The spec-
tral indices exhibited substantial positive changes
under the Gram-Schmidt fusion method—NDVI
rose 25.8% from 0.62+0.07 to 0.78+0.04, while
EVI improved 35.5% from 0.45+0.05 to 0.61 +0.03.
These results indicated a heightened precision of
vegetation mapping because the method minimized
atmospheric distortion and enhanced canopy visual
readability. The textural feature analysis based on
multiple-patch GLCM revealed meaningful improve-
ments since it led to a 46.5% increase in correlation
values, which demonstrates more coherent patterns
across the fields. The capability for detecting essen-
tial textural details increased by 80.0%, revealing
improved cooperation for detecting specific textural
variations, which become vital for detecting early-
stage crops. Energy reached 63.6% enhancement in
the statistical measures, and entropy dropped 34.1%,
which indicates more structured and condensed tex-
ture representations. The fusion approach yielded
substantial enhancements that deliver superior dis-
criminating information for early-stage crop classifi-
cation through the proposed methodology.

Classification methods

For the development of classifiers, five deep learning
and machine learning methods were employed.

Deep neural network
Deep neural network (DNN) belongs among the

most effective deep learning algorithms for picture
categorization. It can learn complicated patterns and
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Table 6 Comparison of original and fused features

Feature name Original Fused dataset Improvement

dataset (Mean+SD) (%)

(Mean +SD)
NDVI 0.62+0.07 0.78+0.04 +25.8%
EVI 0.45+0.05 0.61+0.03 +35.5%
Correlation 0.43+0.04 0.63+0.03 +46.5%
Contrast 0.15+0.02 0.27+0.01 +80.0%
Energy 0.11+0.01 0.18+0.02 +63.6%
Entropy 0.41+0.05 0.27+0.02 -34.1%

features from the incoming data since it has numerous
hidden layers of coupled neurons. Automatic hierar-
chical representation extraction from visual features
is possible with the DNN. The benefit of end-to-end
learning, where the model learns to extract pertinent
characteristics from the raw data, makes it well-suited
for fusion-based techniques (Fig. 5).

1D Convolutional Neural Network

The 1D convolutional neural network (1D Conv) is
a variation of the conventional convolutional neural
network (CNN) that is specifically made for pro-
cessing one-dimensional input, such as time series
or sequence data. To extract temporal correlations
and patterns from the multi-temporal remote sensing
data, the 1D Conv can be used. Convolutional pro-
cesses are used by the 1D Conv to extract features
that are important for classifying early-stage crop

types.

Decision tree

A decision tree is a straightforward yet effective
machine-learning technique that creates a decision-
making model that resembles a tree. As opposed to the
leaf nodes, which represent classification labels, each
internal node of the tree represents a choice based on
a particular attribute. Using fused features gathered
from several sources, a decision tree can be utilized to
make decisions in early-stage crop categorization.

Support vector machine

An effective machine-learning approach for classifi-
cation problems is called the support vector machine
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(SVM). SVM seeks out the best hyperplane in the
feature space that maximally divides the classes into
distinct groups. SVM can be used to categorize early-
stage crops based on fused features received from
many sources, such as spectral and textural data.

Random forest

Random forest is an ensemble learning technique that
blends various decision trees to produce predictions.
A randomly chosen portion of the training data and
characteristics are used to construct each decision tree
in the forest. Random forest can be used to incorpo-
rate the fusion features collected from several sources
in the context of early-stage crop categorization. It
can handle high-dimensional data and record non-
linear correlations between features.

LightGBM

LightGBM is a gradient-boosting decision tree algo-
rithm which has been specifically developed for
large-scale data and categorical features. It makes
use of histogram-based methods to achieve less
memory usage as well as faster training as compared
to the other two. framework based on decision tree
algorithms, optimized for speed and efficiency, par-
ticularly in handling large datasets and categorical
features. It uses histogram-based methods to reduce
memory usage and increase training speed.

Fig. 5 Architecture of
DNN
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XGBoost

XGBoost is an optimized, reliable gradient-boosting
platform developed for handling large-scale struc-
tured data and tabular structures. Extremely fast
and accurate with the ability to add a regularization
step to improve model generalization ability in high-
dimensional space, XGBoost is ideal for large and
detailed inputs and accuracy. XGBoost integrates
regularization to prevent overfitting, making it well-
suited for complex, high-dimensional datasets.

CatBoost

CatBoost (categorical boosting) is a gradient boosting
technique that does not require categorical features to
be transformed, which makes CatBoost different. Being
a powerful tool for working with a great number of cat-
egorical variables and using GPU for computations,
CatBoost shows high accuracy and results on the given
datasets. Handling categorical features and GPU sup-
port, CatBoost provides high accuracy and performance
on datasets with numerous categorical variables.

Evaluation metrics

Confusion matrix is a very popular measure used for
the evaluation of classifiers. The structure of the con-
fusion matrix for binary classification is presented in
Table 7.

12.h - 500
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The data from the confusion matrix are used for
the calculation of some evaluation metrics. In this
study, the two classes are recognized, namely wheat
and maize. Therefore, the parameters TP, FP, FN, and
TN should be interpreted in this context. The TP (the
object is predicted positive and is positive) is a wheat
crop recognized as a wheat, FP (the object is pre-
dicted positive and is negative) is a maize crop recog-
nized as a wheat, FN (the object is predicted negative
and is positive) is a wheat crop recognized as a maize,
and TN (the object is predicted negative and is nega-
tive) is a maize crop recognized as a maize. The eval-
uation metrics that are used in this study to evaluate
the performances of the classifiers are listed below.

Accuracy

Accuracy measures the overall correctness of the
classification model and is calculated as the ratio of
correctly classified samples to the total number of
samples, expressed in Eq. 10.

TP + TN
TP +TN + FP + FN

Accuracy = (10)

Precision

Precision measures how well a model can identify
positive samples among all the samples that it has
predicted to be positive, as expressed in Eq. 11.

P

Precision = — b
recision TP + FP (11)

Recall

The model’s capacity to recognize every positive
sample is measured by recall. It is determined as the
ratio of true positives to the total of true positives and
false negatives, as expressed in Eq. 12.

Table 7 Confusion matrix for binary classification

Actual class

Positive Negative

Predicted class  Positive ~ True positive False positive

(TP) (FP)

Negative  False negative True negative
(FN) (TN)

@ Springer

P
Recall = — L
A= TP N (12)

F1 score

The F1 score is a combination of precision and recall
calculated as follows:

. Precision ¢ Recall

F1 =2 .
Precision + Recall

13)
when a classifier has a high value of F1 score, it
means that it has a high value of both precision and
recall.

Results

The proposed fusion approach for early-stage crop
classification is evaluated by implementing DNN,
1D-Conv, RF, DT, and SVM methods. A brief detail
about the methods is discussed in the “Classification
methods” section. The classifiers were trained for the
recognition of wheat and maize based on four texture
parameters and two spectral indicators described in
the “Data preparation” section. The feature impor-
tance of the best performance model is presented in
Fig. 6. The metrics to evaluate the results are accu-
racy, precision, recall, and F1 score. The metrics have
been discussed in the “Evaluation metrics” section.

Table 8 shows the accuracy achieved by all the
models against time series (T1-T5). It shows how the
models achieve accuracy over different time series;
as the time series increases, the accuracy increases
because the characteristics of crops become increas-
ingly clear at the harvest stages.

Figure 7 shows the last classification maps for
time points tl to t5, which depict the spread of crop
types. The figure also has performance metrics
(accuracy, precision, recall, and F1 score) for differ-
ent algorithms, allowing for evaluating the models’
effectiveness. This combined figure improves the
understanding of results by showing both the spa-
tial and numerical data together. The longer the time
series data, the more accurately crop classification
results can be achieved. The accuracy at tl is low
because crops at the very early stages of their growth
exhibit very few spectral and textural characteris-
tics to be discriminative. At t4, the results using the
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fusion-based approach showed exceptional growth
in accuracy. TS accuracy is the one when crops start
to exhibit the later growth stages characteristics and
become more discriminative, achieving more accu-
racy. The hyperparameters used during the training of
each model are given in Table 9.

All the models showed exceptional growth in
accuracy in the t4 time-series, which is as early as
2 months of the harvest stage of wheat and 5 weeks
of maize. Among the methods employed in this study,
DNN performed very well in classifying the crop at
its early stages. The DNN architecture is shown in
Fig. 5.

The DNN used to classify wheat and maize crops
at the initial stages consists of seven hidden lay-
ers. The more hidden layers do cause overfitting, but
fewer layers cause underfitting. Therefore, the RelU
activation function was used as it can avoid vanish-
ing gradients and makes training faster. In the output
layer, the softmax function was used, which classifies
the crops at the end. The data presented in Table 8
shows that among all the classifiers, DNN outper-
forms them all in the context of early-stage crop clas-
sification, achieving an accuracy of 89%, precision of
99%, recall of 88%, and F1 score of 93%. The pro-
posed approach achieved good results in all the mod-
els. DNN, 1D Conv, and RF performed better than
SVM and DT in terms of accuracy (Table 10).

To investigate the influence of window size on
DNN accuracy, we experimented with three different
window sizes: 7, 15, and 21 pixels, as shown below

Fig. 6 Features importance
for best model (DNN)
NDVI

EVI

Correlation

Feature

Contrast

Energy

Entropy

0.00 0.05

Table 8 Overall accuracy comparison

Models T1 T2 T3 T4 T5

SVM 0.47 0.64 0.72 0.78 0.82
DT 0.48 0.69 0.73 0.81 0.83
RF 0.48 0.70 0.76 0.84 0.88
1D Conv 0.49 0.75 0.81 0.87 0.91
DNN 0.49 0.76 0.83 0.90 0.93
LightGBM 0.47 0.68 0.74 0.82 0.86
Xgboost 0.48 0.69 0.75 0.83 0.87
CatBoost 0.47 0.67 0.73 0.81 0.85

in Fig. 8. The neighborhood of pixels was extracted
from each image, which helps to identify the spa-
tial context around every pixel and is important in
enhancing classification results. In this process, a
square window (neighborhood) is chosen, with the
number of pixels across it varying based on the con-
figuration of the particular image (7Xx7, 21x21).
For a 7-pixel neighborhood, the window size is 7 X7,
with 49 pixels; for a 21-pixel neighborhood, the win-
dow size is 21 x21 and 441 pixels. The spatial fea-
tures are derived by applying statistical functions on
the neighboring pixel values, including mean, stand-
ard deviation, and entropy, to the spectral features.
This leads to the capture of the local spatial varia-
tion, such as the texture as well as the variation in
crops. The size of the neighborhood being chosen
has a strong effect on the technique’s results. Smaller
regions, for instance, the 7-pixel neighborhood,

Feature Importance for Best Model (DNN)

0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45

Importance Score
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Fig. 7 Performance metric comparison at T-4 (accuracy, precision, recall, and F1 score) for various algorithms, clearly comparing

how well they perform in classification

provide more detailed information about an area but
are noisy and may fail to detect large-scale spatial
structures. More extensive areas, such as the 21-pixel
window, have greater contextual information but
miss small details to produce a blurry model. The
15-pixel neighborhood (15x15) configuration was
found to deliver the best balance between spatial
detail for image analysis and avoiding over-smooth-
ing for gaining optimal classification accuracy, for
example, 89% overall accuracy using DNN. The
results derived from our experiments show that win-
dow size is vital when it comes to texture depiction
and model performance. It was established that the
highest accuracy of 89% is reachable with the win-
dow size being 15 pixels. A smaller number of pixels
(7 pixels) led to lower accuracy (78%) of the system
because of less texture information. Whereas large
windows (21 pixels) seemed to include excessive
noise from the neighboring areas, resulting in lower
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accuracy (85%). Thus, the size of 15 pixels is chosen
as optimal as it provides appropriate texture features
while preserving data from noise.

In order to improve the performance of the models
and give a better and more detailed comparison of the
models, a confusion matrix has been included. Fig-
ure 9 provides detailed definitions of the correct and
incorrect analyses, indicating the strengths and weak-
nesses of the model.

Figure 10 reflects detailed accuracy and error visu-
alization of our crop classification results. It indicates
that the correct identification of crop fields through
accurate classification methods produces green circu-
lar markers.

The visualization shows actual crop fields that the
classifier failed to detect through red “X” markers,
along with correct identification of crop fields marked
by green circles and incorrect classifications shown
by purple squares.
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Table 9 Hyperparameters of each model

Model Hyperparameters Description

DNN Layers, neurons per layer
Optimizer, learning rate

3, layers with different numbers of neurons were used [128, 256, 128]
It looks like high performance becomes more stable when using the Adam opti-

mizer with a learning rate of 0.0005

Learning these complex features required 120 epochs of training in this case
64 and 128 filters where the kernel size of the filters was set to 3 to capture spatial

It looks like high performance becomes more stable when using the Adam opti-

mizer with a learning rate of 0.0005

Epochs
1D Conv  Filters, kernel size
features
Optimizer, learning rate
RF Number of trees, max depth
ity through time
DT Criterion, max depth
SVM Kernel, C

LightGBM Boosting type, leaves, max depth

200 trees with a maximum depth of 10 to reduce high variance and increase stabil-

Gini Criterion, with max depths of 8 used to make consistent predictions
RBF kernel with C=0.5 was used for moderate regularization
GBDT boosting with 40 leaves, which gives a depth of 8 for the model to capture

more intricate details

Xgboost Booster, learning rate, max depth

Using a gbtree booster with 0 specifications that include a learning rate of 0.05 and

a depth of 6 results in a gradual improvement of the intervals

CatBoost

Depth, learning rate, regularization It states a depth of 6, a learning rate of 0.03, and an L2 regularization of 3.5 in the

second to avoid overfitting and get stability and accuracy from the model

Table 10 t4 accuracy metrics comparison

Algorithm  Accuracy  Precision  Recall (%) F1 score
(%) (%) (%)
DNN 89 99 88 93
1D Conv 86 97 87 92
RF 84 95 86 90
DT 80 92 82 87
SVM 78 88 86 87
LightGBM 82 95 83 88
Xgboost 85 96 86 91
CatBoost 83 97 82 89

The false detections, which falsely classified non-
crop areas as crop fields, appear as purple squares
within the visualization.

Discussion

Although some studies indicate better accuracy results
for crop and land classification, our proposed approach
has one distinctive feature which is very important in
the context of monitoring crops during the early stages
of growth. Our dual fusion method, which integrates
both Gram-Schmidt image fusion and multi-patch

GLCM feature fusion, is aimed at improving primary
crop classification and detecting features when there
is little difference both spatially and spectrally. The
Gram-Schmidt fusion method enhances spatial resolu-
tion while preserving the multispectral bands’ spectral
fidelity, allowing for the retention of high-frequency
textural detail and low-frequency spectral informa-
tion. This method is useful for differentiating crops by
stages since most classification models fail because of
high spectral similarity among many crops at juvenile
stages. The spatial integrity of the fused images assures
radiometric integrity so that vegetation indices like
NDVI and EVI are still responsive to small changes
in crop canopy structure, enabling more accurate dis-
crimination of different crop types at the early growth
stages (Wei et al., 2022a, 2022b; Yi et al., 2020).

The addition of multi-patch GLCM into the texture
feature extraction process introduces a solid statisti-
cal structure. This structure is adept at capturing the
nuances of texture variations seen from various spatial
angles, namely 0°, 45°, 90°, and 135°. In stark contrast
to the traditional single-scale GLCM techniques, the
multi-patch method steps up the game by accurately
calculating texture descriptors across neighborhoods
of differing sizes. This methodical calculation leads
to a more refined adjustment to the diverse structures
found in crops. To understand the complex patterns
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Fig. 8 Effect of window
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within crop fields, characteristics like contrast, correla-
tion, energy, and entropy were pulled out; notably, the
contrast levels saw an 80% boost after merging, show-
ing better texture distinction. By combining spectral
and textural elements through the Feature Weighting
Method, or FWM, the classification task gets fine-tun-
ing. This approach adjusts the importance of each fea-
ture by using standard distance measures, making sure
the right features stand out (Rahmati et al., 2022).

The examinations of various window size dimen-
sions in GLCM-based texture extraction found that a
15 % 15-pixel window produced the best accuracy lev-
els (89%), exceeding both smaller (7x7) and larger
(21x21) configurations. Window size directly influ-
enced the amount of spectral noise present, together
with the ability to preserve crop structure features in
the images. The analysis highlights the need to perfect
spatial context in texture feature extraction because this
helps achieve higher classification precision by reduc-
ing spectral similarity and background-related classifi-
cation errors (Cao et al., 2021; Zhong et al., 2019).

While the proposed fusion approach shows good
performance, it faces difficulties when used in differ-
ent farming areas. The researchers worked in District
Vehari, Pakistan, because specific soil and climate fac-
tors, along with plant development patterns, are unique
to its environment. The project can enhance its results
by researching transfer learning models from differ-
ent farming environments. Hyperspectral imaging and
synthetic aperture radar data addition would enhance
classification results, especially during times when
optical sensors are affected by atmospheric changes,
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Effect of Window Sizes on Accuracy
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as reported by Demarez et al. (2019). Future research
needs to study different ways the method works in loca-
tions where farms grow various crops and soil types.

Using the Gram-Schmidt fusion method with
multi-patch GLCM features and deep learning creates
an effective way to detect crops at an early stage. The
new method effectively identifies crop types by com-
bining spectral and textural data, which enables real-
time decisions and builds the base for automatic crop
monitoring tools.

The results obtained based on the proposed
approach using DNN and 1D Conv were superior to
the other techniques because of the capability of the
approaches in modeling higher-order relationships of
fused spectral-textural features (Wang et al., 2022;
Zhang et al., 2021). A complex DNN architecture
using four hidden layers was able to learn about fea-
ture hierarchies by capturing both spectral features,
in terms of long-range spatial correlation, and local
textural features within the dataset. Compared to most
traditional machine models, such as random forest
and decision tree, deep learning models automatically
learn the feature hierarchy and, therefore, a higher
recognition accuracy of the crop at early stages (Sun
et al., 2019; Xia et al., 2022). The results also showed
that as time-series data covered more time (T3-T5),
classification accuracy increased, and the capabil-
ity of feature learning based on multi-temporal data
allows for better differentiation of the phenological
crop growth stages (Yi et al., 2022).

In this research, the evaluation of the suggested
strategy using DNN and 1D Conv showed promising



Environ Monit Assess (2025) 197:982

Page 19 0f23 982

Confusion Matrix - DNN

— -
© [0
i 218 Q2.
_= _=
(] (]
Q g
© (0]
-l -
(] (]
= =
8 N
N 5832 6188 5. 6248
= =
Wheat Maize Wheat
Predicted Label
Confusion Matrix - DT
3 p
) 2957 2.
_= _=
v )]
Kel o
(] ©
= | —
(] ]
2 2
g g
o 8043 7357 5 6502
= =
Wh‘eat Ma‘ize Wh'eat
Predicted Label
Confusion Matrix - Xgboost
- o+
(o] [0
g 1638 9
_= _=
(] (0]
Q Q
(0] [1v]
| |
@ (0]
= E
R &
- 6612 6138 - 8152
= =
Wh‘eat Ma‘ize Wh'eat

Predicted Label

Fig. 9 Confusion matrices

accuracy results. Better categorization performance
was made possible by the combination of spectral
and textural data, which gave a complete picture of
the early-stage crops. It is crucial to understand the
limits of this study, though. The findings may not be
immediately transferable to other places with varied
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crop types and environmental circumstances because
the study was restricted to District Vehari in Pakistan.
This strategy has a tremendous amount of potential
for enhancing crop management techniques, stream-
lining resource distribution, and promoting precision
agriculture.
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Fig. 10 Crop and non-crop object detection

Conclusion and future work

The current study concentrated on a particular study
region and crop varieties. To evaluate the general-
izability of the suggested approach across various
agricultural contexts, transfer learning methods need
to be explored. The next study may involve expand-
ing the research to encompass a larger range of crop
kinds and various geographic locations. To further
improve the discriminative power and accuracy of
the crop classification models, future research might
investigate the incorporation of multi-modal data,
such as hyperspectral images or UAV data, in addi-
tion to spectral and textural variables.

This strategy has a tremendous amount of potential
for enhancing crop management techniques, stream-
lining resource distribution, and promoting precision
agriculture.

Furthermore, future work can be extended to
the crop harvest stage classification to this range to
maximize its usefulness to the agricultural industry.
To achieve this, we will have to employ state-of-the-
art machine learning methodologies and may work

@ Springer
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with additional data modalities, such as climatic data
and soil health indices. We are optimistic that such
improvements would be immensely beneficial to the
agricultural industry by providing farmers with the
desirable information to help them maximize produc-
tion and effects on yields.
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