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Abstract

Accurate identification of the spatial distribution of agricultural greenhouses is essential for
regional agricultural management in Japan. However, an efficient method for systematically
mapping greenhouse locations onto existing farmland maps has not yet been established,
and field surveys over large areas require substantial time and labor. This study aims
to develop an automated approach for detecting agricultural greenhouses and integrat-
ing their locations into farmland maps by combining PlanetScope satellite imagery with
farmland polygon data developed by the Japanese government. To improve the efficiency
of the extraction process, farmland polygons were used to restrict the analysis to known
agricultural areas, thereby reducing false detections originating from non-agricultural land.
Within these predefined regions, three machine learning algorithms—Random Forest (RF),
Support Vector Machine (SVM), and Isolation Forest (ISF)—were applied to classify and
extract greenhouse features from satellite imagery. After optimizing the hyperparameters
of all models, RF and SVM achieved an equivalent peak performance, with an F1-score of
0.86, while ISF reached 0.72. RF was, however, markedly more robust to the polygon-level
decision threshold, demonstrating a practical advantage in situations where the threshold
cannot be optimized in advance. In addition, an ablation experiment confirmed that with-
out pre-masking with farmland polygons, 81.9% of the pixels predicted as greenhouse were
distributed outside the agricultural parcels. The proposed method is expected to serve as
an effective approach for efficiently identifying the distribution of agricultural facilities and
integrating them with existing farmland information in regions characterized by small and
fragmented agricultural fields, such as Japan.

Keywords: plastic-covered greenhouse; remote sensing; PlanetScope; machine learning;
Random Forest; time-series analysis; farmland polygon; peri-urban agriculture

1. Introduction

The use of plastic-covered greenhouses (PCGs) in protected agriculture is widely
adopted globally as an important technology for precisely controlling the crop growth
environment and improving productivity [1]. In regional agricultural management in
Japan, understanding the accurate spatial distribution and area of agricultural greenhouses
provides essential information for compiling agricultural statistics and infrastructure plan-
ning. However, an efficient method for systematically and automatically locating these
structures on existing Japanese agricultural maps has not yet been established, and con-
ducting manual field surveys over vast areas presents the challenge of requiring significant
time and effort. While plastic covering materials underpin the productivity of protected
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horticulture, their sustainable use requires improvements in material design and waste
management [2]. In addition, greenhouse-led cultivated land has been reported to be in-
creasing continuously in regions such as Shandong Province, China, and understanding its
spatial distribution is becoming increasingly important from the perspectives of sustainable
agriculture and the ecological environment [3]. Indeed, Global-PCG-10, a 10 m global map
of greenhouses derived from Sentinel-2, quantitatively demonstrates that greenhouses are
widely distributed throughout the world [4].

Therefore, the development of automated greenhouse extraction methods using satel-
lite remote sensing data, which can observe wide areas simultaneously, has been pur-
sued [1,5]. Although the plastic covering materials used in PCGs have unique optical
properties (such as high spectral reflectance), their wavelength characteristics are often
similar to those of non-agricultural artifacts and surface features, such as urban buildings
(e.g., metal or white roofs) and post-harvest bare land [5]. In particular, agricultural land in
Japan is characterized by small, fragmented parcels, and in peri-urban agriculture, these
parcels are frequently and complexly mixed with artificial structures such as residential
houses and factories. Consequently, traditional pixel-based classification methods that rely
solely on the reflectance characteristics of satellite image pixels, without considering the
spatial framework of agricultural parcels, carry a high risk of misclassifying surrounding
bright artificial structures as greenhouses.

To date, extraction methods using medium-resolution satellite imagery (e.g., Landsat)
combined with machine learning [6], as well as object-based methods using high-resolution
imagery, have been proposed [7]. However, previous studies have pointed out that medium-
resolution imagery with a spatial resolution of 10 to 30 m tends to produce mixed pixels
(mixels), where the target feature and surrounding soil or vegetation co-exist within a
single pixel, leading to a decrease in extraction accuracy [5,8]. This mixel effect becomes
particularly pronounced for the small-scale greenhouses typical of Japanese agricultural
lands. Furthermore, even when high-resolution imagery is used in complex environments
where diverse land uses are mixed within small areas and spectral characteristics are
similar to adjacent non-agricultural artifacts (such as houses and factories), approaches
relying solely on spectral and spatial features derived from images struggle to sufficiently
eliminate false detections caused by such confusion. Additionally, it has been noted that
the utilization of high-frequency, high-spatial-resolution time-series data is effective for
capturing crop growth and seasonal land cover changes (phenology) to improve classi-
fication accuracy [9]. Greenhouse extraction methods have diversified rapidly in recent
years. In addition to object-based classification using Sentinel-2 and SPOT-7 [10] and
object-based crop classification by machine learning [11], reported approaches include
greenhouse extraction by deep learning from Google Earth and other high-resolution im-
agery [12,13], large-scale extraction from Sentinel-1/2 that couples prior knowledge with
deep learning [14], multitemporal object detection with an improved YOLOX [15], and the
combination of two-temporal Sentinel-2 imagery with a one-dimensional convolutional
neural network (1D-CNN) [16]. Methods based on spectral indices are also widely used,
and a comprehensive benchmarking of the available Sentinel-2 indices [17] and a modified
index suited to fragmented terrains [18] have been proposed. Studies exploiting time series
and cloud geoprocessing are likewise advancing, including large-scale mapping by ensem-
ble learning on Google Earth Engine [19], annual greenhouse maps derived from long-term
Landsat time series [20], discrimination of covered and uncovered agricultural soil [21],
and detection of plastic-mulched farmland by time-series machine learning [22]. As [18]
points out in particular, mixed pixels exert a strong influence in terrains with subdivided
parcels, which suggests that spatially constraining the target area is especially effective for
the fragmented agricultural land of Japan.
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Therefore, the objective of this study is to develop an automated and efficient green-
house detection method by combining PlanetScope satellite imagery, which offers a 3 m
spatial resolution and high-frequency observation capabilities, with existing agricultural
parcel polygon data provided by the Japanese government. The novelty of this study
lies in structurally suppressing false detections originating from non-agricultural areas
(e.g., buildings) by pre-masking the target area with agricultural polygons in complex
peri-urban agricultural landscapes and subsequently applying high-frequency time-series
statistics to machine learning algorithms. By constructing time-series statistics that re-
flect seasonal changes within these designated areas and applying three machine learning
algorithms—Random Forest (RF), Support Vector Machine (SVM), and Isolation Forest
(ISF)—this study evaluates an approach for efficiently grasping the distribution of agricul-
tural facilities and integrating them with existing agricultural information in the small-scale,
fragmented agricultural lands of Japan.

2. Materials and Methods
2.1. Study Area
The study area of this research was Honjo City, Japan, which is located at the north-

western edge of Saitama Prefecture and borders Gunma Prefecture, as shown in Figure 1.

13?°E 13E|3°E 14‘}°E 144}°E 147;E

45°N—

42°N—

39°N—

36°N-

33°N—

30°N—

~ f—%“N
f: =

3

v 42N

—39°N

—36°N

° s
) <X
L

Saitama pref.

T T
139°E 139°30E

- -30°N
0 125 250 375 500

130°F

135°E 138°E 141°€ 144°E 147°E

Figure 1. Study area. Location of Honjo City, Saitama Prefecture, Japan (red); the inset shows Saitama
Prefecture. Coordinates are geographic latitude /longitude (WGS 84); a north arrow and scale bars
are provided.
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The city features a varied topography, ranging from flat terrain along the Tone River
to mountainous areas extending to the outer edges of the Chichibu mountain range, en-
compassing diverse agricultural fields such as vegetable farms, orchards, and paddy fields.
Protected horticulture is also actively practiced, with the production of crops such as cucum-
bers, strawberries, and flowers. In this study, the agricultural lands in the northern region
of the city, where plastic greenhouses for protected horticulture and fields of various crops
are concentrated, were selected as the target area for analysis. As this region is adjacent to
urbanized areas and diverse land uses are mixed within a small area, it is suitable as a test
site for verifying the classification performance and generalizability of agricultural land
cover classification models using satellite imagery.

2.2. Satellite Imagery

As the observation data for the study area, satellite imagery from the small satellite
constellation “PlanetScope (Dove)” operated and provided by Planet Labs (San Francisco,
CA, USA), as shown in Figure 2, was adopted.
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Figure 2. PlanetScope (Dove) imagery of the study area (Level-3B surface reflectance, 3 m spatial

resolution, true color) acquired on 17 August 2024. The bold black line denotes the boundary of
Honjo City. Coordinates are geographic latitude/longitude (WGS 84).

The main reason for selecting this image data lies in its combination of “high spatial
resolution” and “high-frequency observation” [23]. Although the spatial resolution of
imagery is a significant factor in the automated detection of agricultural greenhouses [24],
this data, with a spatial resolution of 3 m, enables detailed observation at the level of
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small agricultural parcels in Japan. Therefore, it is considered suitable for extracting
facilities with clear boundaries. Furthermore, high-frequency observation enables the
consistent acquisition of year-round time-series data by mitigating the effects of clouds,
and it is also suitable for capturing seasonal land cover changes (phenology) in agricultural
lands associated with crop planting and harvesting. CubeSat constellations, including
PlanetScope, have been shown to capture crop phenology with high accuracy through
near-daily observations, for example, in the daily retrieval of leaf area index [25], and are
therefore well suited to the extraction of features throughout the year.

Data Specifications: The observation period covered a full year from 5 January to 24
December 2024. The product used was “Level-3B,” which employs data that has been
geometrically (ortho-rectified) and radiometrically corrected, and converted to Surface
Reflectance. Band Configuration: Data from four wavelength bands—Blue, Green, Red,
and Near-Infrared (NIR)—were used. The specifications of the satellite imagery are shown
in Table 1, below.

Table 1. Specifications of the satellite imagery used in this study.

Item Specification
Satellite /Sensor PlanetScope/Dove
Spatial Resolution 3m
Band Configuration 4 bands (RGB, NIR)
Observation Period 5 January 2024 to 24 December 2024
Processing Level Level-3B (Orthorectified), Surface Reflectance (SR)
Data Provider Planet Labs

2.3. Ground Truth and Reference Data

As the data defining the shapes of agricultural parcels, the agricultural parcel polygon
data published by the Ministry of Agriculture, Forestry and Fisheries (MAFF) was used.
This is administrative data in which the boundaries of individual agricultural parcels
are polygonized based on aerial photographs and other sources. The data contains clas-
sifications of agricultural land types, such as upland fields or paddy fields, stored as
attribute information.

A total of 5025 polygons were extracted from the agricultural polygons within the
study area shown in Figure 3. Visual interpretation (annotation) was conducted on the
PlanetScope imagery while comparing it with high-resolution satellite imagery (World View-
3, captured on 22 November 2024) used as ground truth. Furthermore, for parcels where it
was difficult to distinguish the presence or type of facilities (e.g., plastic greenhouses versus
other artificial structures) using only overhead satellite imagery, Google Earth and Google
Street View were used to supplementarily check the on-site conditions, thereby ensuring
the reliability of the annotations.

If a facility considered to be a greenhouse occupied 50% or more of the area within a
polygon, it was labeled as a “greenhouse” polygon. Cases where a greenhouse was present
within a polygon but occupied less than 50% of the area, as shown in Figure 4a, were
labeled as “partial greenhouse.” Polygons that are not currently used as agricultural land,
as shown in Figure 4b, were labeled as “non-agricultural land”.

For polygons where no greenhouses were present, labeling was performed based on
the upland field and paddy field classifications stored in the attribute table of the original
agricultural polygon data.
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Figure 4. Examples of annotated polygons overlaid on satellite imagery. In each panel, the area
enclosed by the cyan outline is the agricultural parcel polygon concerned: (a) a polygon labeled
as “partial greenhouse”, in which a greenhouse occupies less than 50% of the polygon area; (b) a
polygon labeled as “non-agricultural land”.

As shown in Table 2, the composition of land use types assigned to each polygon was
70.15% (3525 polygons) for upland fields, 16.98% (853 polygons) for paddy fields, 10.67%
(536 polygons) for greenhouses, 1.99% (100 polygons) for partial greenhouses, and 0.21%
(11 polygons) for non-agricultural land. This labeled data was used as the dataset for
training and validation.

Table 2. Annotation results of reference polygons.

Land Use Type Number of Polygons Proportion (%)
Upland field 3525 70.15
Paddy field 853 16.98
Greenhouse 536 10.67
Partial greenhouse 100 1.99
Non-agricultural land 11 0.21
Total 5025 100

2.4. Data Preprocessing and Feature Extraction

To accurately classify target objects from the imagery, in addition to the spectral
reflectance of each pixel (Blue, Green, Red, NIR), the following two indices were calculated
and added as features. Here, ppjye, 0Greens PRed aNd PNIR represent the surface reflectance
of the Blue, Green, Red, and Near-Infrared bands, respectively.
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NDVI (Normalized Difference Vegetation Index): Adopted as an indicator to detect
and identify the growth status of open-field crops and surrounding vegetation [26].

NDVI = ONIR — PRed 1)
ONIR + ORed

e  RPGI (Retrogressive Plastic Greenhouse Index): An index for detecting the optical
characteristics of covering materials such as plastic. It was adopted as an important
feature directly contributing to the detection of plastic greenhouses, which is the main
objective of this study. While the original index proposed by Yang et al. [27] includes
the Blue, Green, and NIR bands in the average reflectance of the denominator, the
RPGI in this study was calculated using the following formula, in accordance with the
definition of a subsequent previous study [28], considering the spectral characteristics
of PlanetScope imagery. This formula places the reflectance of the Blue band in the
numerator and, in the denominator, the value obtained by subtracting the average
reflectance of the Red, Green, and NIR bands from 1:

OBlue
RPGI = 2
1-— Mean(pRed + PGreen + PNIR) ( )

In this analysis, to evaluate the impact of capturing seasonal variations (phenology)
on greenhouse extraction accuracy, two datasets were compared: a “Single-Image Dataset”
and a “Time-Series Dataset.” For the Single-Image Dataset, a clear day with no cloud
cover in the study area, 17 August 2024, was selected. It was considered that an image
from this period would be effective for classification because the strong solar radiation
(light intensity) typical of summer makes the optical contrast between actively growing
surrounding vegetation (open-field crops) and plastic greenhouses most distinct. A total
of six dimensions, consisting of the four-band reflectances and the two indices from this
single image, were directly input as features. On the other hand, for the dataset handling
year-round time-series data (January to December 2024), imagery from a total of 24 dates
with low cloud cover was used. The screening criterion was that cloud cover over the
study area be 10% or less. The 24 selected dates span January to December 2024 and
are distributed almost evenly, with approximately two dates per month (one in February
and three in March), so that seasonal variation (phenology) is captured without bias
throughout the year. For the reflectance of each pixel and each index, statistics including
the maximum (Max), minimum (Min), standard deviation (5td), and mean (Mean) over
the period were calculated, resulting in a total of 24 dimensions. Using only a single-date
image tends to cause misclassifications with features that exhibit reflection characteristics
similar to greenhouses at specific times (e.g., bare land immediately after harvest or white
buildings) [5]. Therefore, the intention was to have the model learn seasonal land cover
changes due to planting and harvesting as year-round statistics, thereby improving the
accuracy of discrimination from static artificial structures and open-field crops based on
temporal variation patterns (phenology) [9].

2.5. Classification Algorithms and Polygon-Level Decision

To perform classification using the calculated features, three types of machine learn-
ing algorithms were adopted to compare their classification performance: RF, SVM, and
ISE, which is an anomaly detection method. The reasons for selecting each method are
as follows. RF is an ensemble learning algorithm combining decision trees [29] and is
less prone to overfitting even for multidimensional data with non-linear relationships.
Additionally, it has the characteristic of showing stable performance with relatively little
parameter tuning in the classification of remote sensing data [30] and has been shown
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to be effective in agricultural infrastructure and land surface classification [7]. SVM is
excellent at determining complex boundaries in high-dimensional spaces and is widely
utilized in the remote sensing field [31]; therefore, it was selected as a comparative method
for supervised learning. Furthermore, because the dataset in this study is imbalanced,
with greenhouse polygons accounting for approximately 11% of all 5014 polygons, the
application of ISF [32] was attempted as an approach to separate and detect the minority
greenhouse pixels as anomalies in the data space from the majority surrounding agricultural
land (normal values).

The dataset was divided using a stratified split at the polygon level, with 60% of
the total polygons used as training data, 20% as validation data, and the remaining 20%
as test data. To prevent data leakage, the polygon-level split ensured that pixels from
the same agricultural polygon were not distributed across more than one of these sets.
Upon training the models, the composition of the training data was modified according to
the characteristics of each algorithm. In the supervised learning methods, RF and SVM,
pixels of pure classes—"“upland fields,” “paddy fields,” and “greenhouses”—were used
for training, excluding the “partial greenhouse” class. This is because the polygons of
“partial greenhouses” contain many pixels consisting of elements other than greenhouses,
which obscures the boundaries of features during model training and causes a decrease in
classification accuracy. At the evaluation stage, however, in line with the practical objective
of compiling a parcel-level greenhouse inventory, “partial greenhouse” was merged into the
“with greenhouse” class in the polygon-level ground truth; that is, the class was excluded
from training in order to obtain pure pixel features, whereas the evaluation was based
on whether or not a parcel contains a greenhouse. In addition, “non-agricultural land”
polygons accounted for only 0.21% of the total (11 parcels) and, because the proposed
method by its nature targets agricultural parcels, they were excluded from both training
and evaluation.

The hyperparameters of the supervised learning methods (RF and SVM) were both op-
timized by grid search (GridSearchCV) in order to ensure fairness of comparison. Polygon-
level cross-validation (GroupKFold with three folds) was used so that pixels of the same
polygon were not distributed across the training and validation folds. For RF, the number
of decision trees (n_estimators) and the maximum tree depth (max_depth) were searched;
for SVM with a radial basis function (RBF) kernel, the regularization parameter C and
the kernel coefficient gamma were searched. Because SVM is distance-based, all features
were standardized, and the training pixels were subsampled for computational reasons.
Weighting for class imbalance (class_weight = ‘balanced’) was applied to both models. As
a result of the search, the optimal parameters were max_depth = 20 and n_estimators = 200
for RF with the single-image dataset, max_depth = 20 and n_estimators = 100 for RF with
the time-series dataset, C = 1 and gamma = 0.1 for SVM with the single-image dataset, and
C =1 and gamma = scale for SVM with the time-series dataset.

In addition, an ablation experiment comparing the presence and absence of masking
was conducted in order to verify the contribution of the pre-masking step based on the
agricultural polygons. The best model (RF with time-series features) was applied pixel-wise
to all pixels within the bounding box of the polygon set, without constraining it to the
agricultural polygons, and the pixels predicted as greenhouse were tabulated according to
whether they fell inside or outside the agricultural polygons.

On the other hand, for ISF, a semi-supervised anomaly detection approach was
adopted in which the “greenhouse” class was also excluded from the training data, and
only the distribution of normal pixels of “upland fields” and “paddy fields” was learned.
The parameters of the ISF were likewise searched exhaustively over the contamination rate
(0.001, 0.005, 0.01, 0.05, 0.1), max_samples (auto, 256, 512), and the number of decision trees,
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n_estimators (100, 200, 300), and the combination that maximized the greenhouse-extraction
Fl-score on the validation data was selected. As a result of the search, contamination = 0.01,
max_samples = auto, and n_estimators = 300 were adopted (validation F1 = 0.835). It should
be noted that the contamination parameter of the ISF is not an estimate of the proportion of
greenhouses in the dataset. Because, in this study, the ISF is trained only on the normal
pixels of “upland fields” and “paddy fields,” the outlier rate of the training set is by con-
struction close to zero, and contamination acts as an offset of the decision boundary on the
anomaly score. The actual class imbalance is absorbed by the subsequent polygon-level
decision threshold (14% for this model; see Section 3.3) in this two-stage design. Indeed,
increasing contamination to 0.05 and 0.1 causes normal pixels to be over-flagged as outliers,
and the validation F1-score falls to 0.816 and 0.769, respectively, so that 0.01 was the best
value. Pixels determined to be outliers in the prediction were treated as “greenhouses.”
The ISF was evaluated using the same 24 acquisition dates, the same stratified three-way
split, and the same test polygons as RF and SVM (1003 parcels, of which 127 are positive
after merging “greenhouse” and “partial greenhouse”), so that the three methods could be
compared under identical conditions.

As a feature of the classification process, prediction was first executed on a pixel-by-
pixel basis, discriminating whether each pixel was a “greenhouse” or “non-greenhouse.”
Subsequently, considering practicality in agricultural fields, the results were aggregated
into the agricultural polygon units defined in Section 2.3. The final decision for each
polygon is made using a threshold on the proportion of pixels within the polygon that
are predicted as greenhouse. In this study, this threshold was not fixed at an empirical
value; instead, it was varied from 1% to 50% in 1% steps, and the optimal threshold that
maximizes the Fl-score on the validation data was determined for each model (sensitivity
analysis). The determined optimal threshold was then applied to the evaluation of the
test data.

In this study, the programming language Python (ver. 3.12.9) was used for pre-
processing satellite imagery, extracting features, and constructing machine learning
models. GeoPandas (ver. 1.0.1) and Rasterio (ver. 1.4.3) were used for spatial data
processing, and the scikit-learn library (ver. 1.6.1) was utilized for implementing the
classification algorithms.

2.6. Evaluation Metrics

To quantitatively compare and evaluate the greenhouse detection performance of each
constructed model, the following three metrics were calculated for the test data. Here,
TP (True Positive) represents the number of polygons correctly determined as having a
greenhouse, FP (False Positive) represents the number of non-greenhouse polygons falsely
detected as having a greenhouse, and FN (False Negative) represents the number of actual
greenhouses that were missed.

e  Precision: The proportion of polygons where a greenhouse was actually present among
those predicted by the model as “with greenhouse” (indicating fewer false detections).
TP
Precision = TP+ EP 3)
e  Recall: The proportion of polygons correctly detected by the model among those that
actually are “with greenhouse” (indicating fewer missed detections).

TP

Recall = m

(4)
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e  Fl-score: The harmonic mean of Precision and Recall. It is a comprehensive metric that
considers the trade-off between the two and was adopted as the primary evaluation
criterion in this study.

Precision x Recall

Fl-score =2 x Precision + Recall ©®)

e  Overall Accuracy (OA): The proportion of all polygons that were correctly classified.
It was added as a standard metric in land cover classification that complements the
class-specific metrics under class imbalance.

TP+ TN

OA:TP+TN+PP—|—FN ©)

3. Results
3.1. Visualization of Extraction Results in the Study Area

Prior to the quantitative accuracy evaluation, to qualitatively verify the detection
performance in actual geographic space, the prediction results for the polygons in the study
area were mapped onto the satellite imagery. Figure 5 shows the extraction results from
the time-series RF model, which demonstrated the highest accuracy among the models
constructed in this study. The polygons outlined in light blue in the figure represent the
parcels predicted by the model as “with greenhouse.” Throughout the image, it was visually
confirmed that greenhouses were appropriately extracted along the agricultural parcels
without being influenced by their spatial arrangement or surrounding land uses (upland
fields, paddy fields, and urban areas). This included extractions ranging from areas where
greenhouses are densely concentrated, to isolated greenhouses within typical agricultural
land, and further to small-scale greenhouses only partially contained within a polygon.

Figure 5. Detection results of plastic-covered greenhouses using the Random Forest model
with time-series data. The polygons outlined in light blue in the figure represent the
parcels predicted by the model as ‘‘with greenhouse’.

As a result of the ablation experiment, when no masking with the agricultural poly-
gons was applied, 81.9% (381.5 ha) of the pixels predicted as greenhouse (465.9 ha in
total) were distributed outside the agricultural polygons (Figure 6 and Table 3). In con-
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trast, the greenhouse predictions remaining after masking (84.4 ha) were confined entirely
within the agricultural parcels. Thus, the pre-masking step structurally removes false
detections that do not originate from agricultural land, and thereby contributes to efficient
greenhouse detection.

Sy o B0
Nt

© WEm Greenhouse (inside)
I Greenhouse (outside=removed)
Non-greenhouse

(a) " o (b)

Figure 6. Ablation of the pre-masking step (within the polygon bounding box): (a) whole-scene pixel-
wise greenhouse prediction by the time-series RF model (green: inside agricultural polygons; red:
outside polygons, i.e., false detections structurally removed by pre-masking); (b) the corresponding
true-color satellite image of the same extent.

Table 3. Ablation of the pre-masking step, evaluated within the polygon bounding box.

Category Pixels Area (ha) Proportion (%)
Predicted greenhouse (whole scene, no masking) 517,607 465.9 100
Inside agricultural polygons 93,733 84.4 18.1
Outside polygons (removed by pre-masking) 423,874 381.5 81.9

3.2. Accuracy Comparison of Each Classification Model

Table 4 shows the accuracy comparison results for greenhouse detection based on
differences in the machine learning algorithms (RF, SVM, and ISF) and the dimensionality
of the input data (Single-Image: 6 dimensions, Time-Series Image: 24 dimensions).

Table 4. Performance evaluation results for greenhouse detection across different models. All metrics
are computed at the polygon level; the pixel-level OA values are given in the text of Section 3.2.

Model Features Precision Recall F1-Score OA Tgfet;l}lsll d
Random Forest Time-series (24 dimensions) 091 0.81 0.86 0.97 31%
Random Forest Single-date (6 dimensions) 0.87 0.86 0.86 0.97 32%

Support Vector Machine Time-series (24 dimensions) 0.84 0.87 0.86 0.96 39%
Support Vector Machine Single-date (6 dimensions) 0.89 0.83 0.86 0.97 47%
Isolation Forest Time-series (24 dimensions) 0.75 0.69 0.72 0.93 14%

In the evaluation on the test data, the Fl-score for the greenhouse class was approxi-
mately 0.86 and essentially equivalent for both RF and SVM and for both the time-series
and single-image datasets. The SVM, to which feature standardization and hyperparam-
eter optimization had been applied, also reached a peak performance equivalent to that
of RE. Accordingly, there is no significant difference among the methods in terms of the
polygon-level Fl-score, and in practical operation the robustness to the decision threshold,
discussed below, becomes the deciding factor in the choice of method. The pixel-level OA
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was 0.89 for RF with time-series data, 0.87 for SVM with time-series data, 0.85 for RF with
single-image data, and 0.82 for SVM with single-image data. As a representative example,
the confusion matrix of the recommended method, RF with time-series data, is shown in
Table 5.

Table 5. Confusion matrix for greenhouse detection using the time-series Random Forest model.

Predicted: Non-Greenhouse Predicted: Greenhouse Total
(Field/Paddy) (Full/Partial)
Actual: Non-greenhouse (Field /Paddy) 866 10 876
Actual: Greenhouse (Full /Partial) 24 103 127
Total 890 113 1003

The actual prediction results for the “with greenhouse” (greenhouse/partial green-
house) class showed 103 correct detections (True Positives), 24 missed detections (False
Negatives), and 10 false detections (False Positives) (Table 5). Despite the dataset being
imbalanced, with greenhouse polygons accounting for approximately 13% of the 1003 test
polygons, the model achieved a precision of 0.91, a recall of 0.81 and an F1-score of 0.86.
The polygon-level OA was 0.97.

3.3. Sensitivity Analysis of the Polygon-Level Decision Threshold

The results of the sensitivity analysis of the polygon-level decision threshold on
precision, recall, and F1-score using the validation data are shown in Figure 7.The optimal
threshold determined for each model, and the validation Fl-score at that threshold, were
31% and 0.940 for RF with time-series data, 32% and 0.913 for RF with single-image data,
39% and 0.919 for SVM with time-series data, 47% and 0.893 for SVM with single-image
data, and 14% and 0.835 for ISF with time-series data. What is important is that while
the final peak performance is similar for RF and SVM, their robustness to the threshold
differs markedly. RF with time-series data maintained a plateau with an F1-score of around
0.90 even when the threshold on the proportion of greenhouse pixels was varied over a
wide range above approximately 10% and was therefore robust to the threshold setting.
By contrast, SVM with time-series data showed a large decrease in the Fl-score at low
thresholds (for example, approximately 0.49 at a threshold of 1%) and only reached a level
comparable to RF near its optimum of around 40%.

3.4. Evaluation of Feature Importance

Figure 8 shows the contribution (importance) of each feature in the RF time-series
model, which achieved the best performance.

(a) Random Forest (Time-series) (b) SVM (Time-series)
1.0 1.0
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Figure 7. Cont.
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Figure 7. Sensitivity analysis of the polygon-level decision threshold for each model: (a) Random
Forest (time-series); (b) SVM (time-series); (c) Random Forest (single-date); (d) SVM (single-date);
(e) Isolation Forest (time-series). The red dashed line indicates the optimal threshold.
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Figure 8. Feature importance evaluated by the Random Forest model.
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Examining the top features, Blue_Min exhibited the highest importance, followed by
RPGI_Mean, RPGI_Max, and Blue_Mean. That is, the reflectance statistics of the Blue band
(Blue_Min and Blue_Mean) and the statistics (mean and maximum) of the RPGI (plastic
index), which was introduced to capture the optical reflectance characteristics of artificial
structures, occupied the highest ranks. These results quantitatively demonstrate that they
are effective indicators for discriminating plastic greenhouses (covering materials) from
typical agricultural land (vegetation and soil).

4. Discussion
4.1. Causes of False Detections (False Positives) and Limitations of Spatial Resolution

Although the model constructed in this study demonstrated high overall detection
accuracy (Fl-score: 0.86) and achieved favorable results in wide-area mapping, misclas-
sifications occurred in some parcels. Figure 9 shows representative enlarged views of
the misclassified polygons. The yellow outlines in the figure represent the target agricul-
tural polygons, where (a) and (c) are the high-resolution images (World View-3, captured
on 22 November 2024) utilized as ground truth, and (b) and (d) are the corresponding
PlanetScope images.

(a) (b)

(o) (d)

Figure 9. Examples of misclassified polygons (indicated by yellow outlines): (a) ground truth image
(WorldView-3, acquired on 22 November 2024) showing an existing greenhouse; (b) corresponding
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PlanetScope image where the greenhouse was undetected (false negative) due to the influence
of surrounding vegetation; (c) ground truth image (WorldView-3, acquired on 22 November 2024)
showing no greenhouse; (d) corresponding PlanetScope image where the polygon was falsely detected
as a greenhouse (false positive) due to mixed pixels at the boundary with an adjacent greenhouse.

The first case is the missed detection (false negative) of greenhouses due to the in-
fluence of the surrounding environment. In the high-resolution image of Figure 9a, a
greenhouse can be clearly confirmed within the polygon; however, in the PlanetScope
image of Figure 9b, due to the constraint of spatial resolution (approximately 3 m), it
was affected by the surrounding vegetation and other factors. As a result, the features
at the pixel level were not sufficiently extracted as a greenhouse, resulting in a missed
detection (False Negative). It has been pointed out that the accuracy of object extraction
in agricultural environments depends on spatial resolution, and when the resolution is
not sufficiently high relative to the size of the object, attenuation of spectral characteristics
occurs due to mixels (mixed pixels) [24]. It is considered that this case was also affected by
this phenomenon.

The second case is the false detection (false positive) caused by mixels at the bound-
aries. As Figure 9c shows, there is essentially no facility within the target polygon. However,
when observing the PlanetScope image in Figure 9d, the pixels of a plastic greenhouse
present in an adjacent parcel slightly interfere with the target polygon. For pixels located
on the boundary of agricultural parcels, the reflectance characteristics of the ground sur-
face (soil and vegetation) within the target polygon and the reflectance characteristics of
the adjacent plastic greenhouse are recorded as a mixture. Consequently, even in areas
where greenhouses are essentially absent, the RPGI and other metrics of the pixels near
the boundary were calculated to be high, which likely led the model to determine them
as greenhouse pixels. Because the decision threshold in this study was determined by a
sensitivity analysis (31% for RF with time-series data), it is presumed that for polygons
with a small area or an elongated shape, these boundary mixels alone exceeded the optimal
threshold, resulting in the entire polygon being falsely detected as “with greenhouse.” It
has been reported that spectral variations within an object and boundary disturbances in
high-resolution images are factors that complicate classification [8]. Based on this, it is
considered that in this case as well, the mixing of spectral characteristics (mixels) in the
boundary region between different adjacent features acted as an error factor in small-scale
object extraction.

4.2. Factor Analysis of Performance Differences Among Classification Algorithms

In this study, RF and SVM showed essentially equivalent F1-scores of approximately
0.86 on the test data. Through feature standardization and hyperparameter optimization,
the SVM (RBF kernel) achieved a peak performance equivalent to that of RF even in
discriminating between classes with similar spectra, such as upland fields and bare land.
In contrast to the report of Gungor et al. [33], who found RF to be superior, the peak
performance of the two methods was equivalent in this study, and the practical difference
between them lies in the robustness to the decision threshold discussed below.

Despite their similar peak performance, the two methods behave very differently with
respect to the decision threshold (sensitivity analysis, Figure 7). RF remained stable with
an F1-score of around 0.90 even when the threshold on the proportion of greenhouse pixels
was varied widely from approximately 10% to 50%, whereas SVM showed a large decrease
in the Fl-score in the low-threshold range and matched RF only near its optimum of
around 40%. This is considered to be because RF yields predictions with a clearly separated
confidence distribution through the hierarchy of thresholds in its decision trees, whereas
SVM predictions with low confidence tend to concentrate near the decision boundary. In
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view of deployment to unknown regions where the decision threshold cannot be optimized
in advance, this robustness provides a practical basis for selecting RF as the first choice.
Pelletier et al. [34] have also shown that RF gives stable, high accuracy in wide-area land
cover classification using high-resolution satellite image time series, which is consistent
with the robustness of RF observed in this study.

Turning to the ISF, the semi-supervised anomaly detection approach did not achieve
sufficient accuracy (F1-score: 0.72). It appears that the significant diversity of the “normal
data (upland fields and paddy fields)” in the study area had an impact. ISF is based on the
premise that a small number of anomalies (greenhouses) exist at a distance from densely
packed clusters of normal values. However, in actual agricultural fields, the reflectance
characteristics of normal data themselves vary considerably throughout the year depending
on crop types, growth stages, soil moisture content, and other factors. Consequently, it is
suggested that a clear separation between anomalies and normal data was difficult. This is
because the normal data contained much noise that could easily be considered “anomalous”
(e.g., soil with high reflectance), and conversely, greenhouses with reduced reflectance due
to dirt accumulation were buried within the distribution of normal data. In environments
where the diversity of the normal data is large, the introduction of deep-learning-based
anomaly detection [35] may improve the separation performance, and this remains a subject
for future study.

4.3. Inference on Factors Contributing to Classification

Regarding the feature importance in the time-series RF model of this study (Figure 8),
Blue_Min, RPGI_Mean, and RPGI_Max ranked at the top, and it was confirmed that
they contributed to the model’s classification. As described in Section 2.4, the original
RPGI proposed by Yang et al. [27] uses “Blue, Green, and Near-Infrared” for the average
reflectance in the denominator; however, in this study, in accordance with a subsequent
study [28], a formula using “Red, Green, and Near-Infrared” in the denominator was
adopted. Despite using a different calculation formula from the original, the following
factors based on the optical characteristics of the land surface can be inferred as the reasons
why this index demonstrated effective classification performance.

That is, the maximization of the optical contrast between vegetation (open-field crops)
and plastic greenhouses. Because the Red band functions as the main absorption band
for photosynthesis by plant chlorophyll [26], the reflectance decreases in open-field crops
where plants are actively growing. On the other hand, the plastic covering materials of
greenhouses maintain a relatively high reflectance across the entire visible light spectrum.
Therefore, by incorporating the Red band into the calculation of the denominator’s mean
reflectance term, the term becomes smaller for pixels of open-field crops (vegetation),
and the denominator becomes larger, resulting in the overall RPGI value being kept low.
Conversely, for greenhouse pixels, the RPGI value is amplified. It is highly likely that
incorporating this “absorption characteristic of vegetation in the Red band” into the formula
highlighted the difference between plastics and surrounding agricultural land, functioning
as an effective splitting criterion in the RF model.

Furthermore, the fact that seasonal statistics extracted from time-series data, such as
the maximum (Max) and mean (Mean) of indices, consistently yield higher accuracy in
greenhouse classification than single-image indices has been demonstrated in a comparative
study by Aguilar et al. [36] covering multiple agricultural regions worldwide (Spain,
Morocco, Italy, and Turkey). This serves as objective corroboration for the result that
RPGI_Mean and RPGI_Max showed high importance in this study. The effectiveness of
the modified RPGl is also consistent with the findings of the comprehensive comparison
of spectral indices for Sentinel-2 [17] and of the modified index designed for fragmented
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terrains [18]. In addition, the high consistency observed between simultaneously acquired
Sentinel-2 and Landsat 8 imagery over PCGs [37] and the annual mapping of greenhouses
from long-term Landsat time series [20] support the validity of the present approach based
on time-series statistics.

In addition, it is also important that the reflectance statistics of the Blue band (such
as Blue_Min and Blue_Mean) ranked high in Figure 8. While plastic materials have a
relatively high reflectance across the entire visible light spectrum, soil and many types
of vegetation have the characteristic of low reflectance (or absorption) in the blue band.
Therefore, it is considered that even the Blue band alone created a clear contrast between the
surrounding open-field crops or dark soil and the bright plastic greenhouses, functioning
as an effective indicator when the RF model identified greenhouses. This inference is
consistent with the results reported in the study by Yang et al. [27], who proposed the
RPGI, stating that the reflectance of the Blue band increases as the area ratio of greenhouses
within a pixel increases (i.e., the blue wavelength reflectance of greenhouses is higher than
that of vegetation and soil).

4.4. Novelty and Superiority of the Proposed Method Based on Comparison with Existing Methods

The extraction method constructed in this study achieved high accuracy (F1-score:
0.86) in the small-scale and complex agricultural landscapes characteristic of peri-urban
areas. It is considered that the novelty of this method and its superiority over existing
methods, which led to this result, can be summarized in the following two main points.

The first novel aspect is the spatial pre-constraining (masking) of the extraction targets
using existing geographic information system (GIS) data (agricultural parcel polygons)
maintained by the government. The pixel-based and object-based classification methods
proposed to date [6,7] have primarily taken an approach of attempting to extract green-
houses directly from the entire image, relying solely on the spectral and spatial information
obtained from satellite imagery. However, in peri-urban agriculture, non-agricultural
artificial structures with reflectance characteristics similar to those of greenhouses (e.g., fac-
tories and metal roofs) are complexly mixed; therefore, it has been challenging to separate
them [5].

By integrating existing agricultural land maps to pre-exclude non-agricultural areas
from the analysis target, this study structurally eliminated “false detections derived from
non-agricultural artificial structures,” which was a major error factor in peri-urban land-
scapes. This point is an advantage not found in conventional methods. In the ablation
experiment presented in Section 3.1, when no masking was applied, 81.9% of the pixels
predicted as greenhouse were distributed outside the agricultural polygons; that is, on
non-agricultural surfaces such as buildings, urban areas, bare ground, and forest (Figure 6
and Table 3). It is known that such false detections readily occur in peri-urban areas
where non-agricultural artificial structures with reflectance characteristics similar to those
of greenhouses are intermingled [5]. The effectiveness of incorporating prior knowledge
of the target area before classification has also been demonstrated in earlier work [14],
and the present result quantitatively confirms that pre-masking contributes decisively to
eliminating false detections originating from non-agricultural land.

The second novel aspect is the utilization of satellite data (PlanetScope) that combines
high spatial resolution and high-frequency observation, incorporating year-round phe-
nology (seasonal variations) into the machine learning model as statistics. In peri-urban
environments where complex land uses are mixed, the combination of PlanetScope’s high
spatial resolution of approximately 3 m and machine learning is an effective approach for
achieving high-accuracy classification, which is difficult with medium-resolution imagery,
as shown in the study by Lefulebe et al. [38]. By capturing the shapes of parcels in detail at
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a 3 m resolution and using the variations in reflectance and indices throughout the year
(mean, maximum, minimum, standard deviation, etc.) as features, this method successfully
distinguished “greenhouses with consistently high reflectance characteristics throughout
the year” from “open-field crops whose conditions change seasonally” based on temporal
variation patterns.

In this way, it can be concluded that the approach integrating the “spatial limitation of
the analysis scope using existing data” and the “temporal (phenological) feature extraction
using high-resolution, high-frequency time-series data” was an effective method for small-
scale, dispersed agricultural lands in Japan. Indeed, studies across a variety of regions and
methods are accumulating, including the mapping of protected agriculture in Mexico using
cloud geoprocessing on Google Earth Engine [39], the pixel- and object-based comparison of
Sentinel-2 and Landsat-8 data in Morocco [40], and the analysis of spatiotemporal changes
in greenhouses by deep learning [41]. Unlike these approaches, which extract greenhouses
from the entire image, the present study is novel in that it constrains the target in advance
using existing agricultural polygons.

4.5. Limitations and Future Prospects of the Proposed Method

The method constructed in this study, which combines the time-series RF model with
masking based on agricultural polygons, demonstrated favorable accuracy in the northern
part of Honjo City, where flat agricultural land extends. However, several limitations
remain for wide-area application and continuous monitoring in real-world environments.

First is the verification of generalizability to other regions and environments. Al-
though the northern part of Honjo City has a relatively flat topography, if this method is
applied to steep hilly and mountainous areas, there is a concern that the high reflectance
characteristics specific to greenhouses may become difficult to capture due to the influence
of topographic shadows (such as mountain shadows), potentially decreasing extraction
accuracy. As a future prospect, it is necessary to extend the verification scope to municipali-
ties with different topographical features and climatic conditions to evaluate the spatial
generalization performance of the model. Veettil and Acharki [42] have quantitatively
shown that elevation and terrain affect greenhouse mapping accuracy, so a decrease in
accuracy should be borne in mind when the method is applied to mountainous or highland
areas. Verification in regions with different topographic conditions is required, including
areas where an expansion of PCGs at high elevations has been reported [43].

Second is the difficulty in detecting greenhouses that were installed or removed during
the middle of the year, which stems from the characteristics of time-series analysis. Because
the method in this study utilizes year-round statistics (such as mean and standard deviation)
of reflectance and indices as features, for facilities newly established or removed mid-
year, the year-round feature values become intermediate. Consequently, it is considered
that model discrimination becomes more difficult compared to greenhouses that exist
throughout the year, potentially leading to missed detections. As a future approach
to this limitation, rather than relying on year-round statistics, introducing a dynamic
analysis method that captures time-series changes over shorter periods, such as monthly
or quarterly intervals, is expected to enable more detailed monitoring that includes not
only the distribution of agricultural greenhouses but also the timing of their establishment
and removal.

Third is the dependence on the development and public availability of “agricultural
parcel polygon data,” which forms the foundation of this method. Within Japan, because
MAFF maintains the “agricultural polygons” covering agricultural parcels nationwide as
open data, this method is highly practical. Looking abroad, while member states of the
European Union (EU) have meticulously constructed the Land Parcel Identification System
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(LPIS) based on the Common Agricultural Policy (CAP), in the United States, although
the Common Land Unit (CLU) by the Department of Agriculture (USDA) exists, its public
disclosure is strictly restricted from the perspective of privacy protection, resulting in
significant variations in data availability depending on the region. Particularly in many
emerging and developing countries, the development of wide-area and high-precision
agricultural GIS data by governments has not progressed significantly, presenting a con-
straint where the masking process—a major strength of this method—cannot be directly
applied. For expansion into areas where such existing open polygon data do not exist
or where access is restricted, it is considered that the generalizability of the proposed
method could be enhanced by utilizing deep learning or other techniques to automatically
extract agricultural parcel boundaries from satellite imagery and applying the classification
model of this study based on the extracted pseudo-polygons. In regions where existing
polygons are not available, pseudo-polygons could be generated using deep learning for
the automatic extraction of field boundaries from satellite imagery [44] or agglomerative
segmentation for parcel delineation [45], and applying the present method to them would
enhance its generalizability.

5. Conclusions

In this study, a method was developed to automatically and accurately extract agricul-
tural greenhouses (PCGs) within the peri-urban agricultural landscapes of Japan, which
are characterized by a complex mixture of small-scale and diverse land uses. To address
the challenge of confusion with non-agricultural lands (such as buildings and other artifi-
cial structures) faced by conventional methods, this study proposed and verified a novel
approach that integrates the spatial pre-constraining (masking) of analysis targets using
existing administrative GIS data (agricultural polygons) with the utilization of year-round
time-series phenology derived from PlanetScope satellite imagery (spatial resolution of
approximately 3 m).

As a result of comparatively evaluating three types of machine learning algorithms,
RF and SVM were able to extract greenhouses with essentially equivalent F1-scores of
approximately 0.86. It was confirmed that the RF model effectively learned seasonal
statistics (such as the mean and maximum values) of metrics like the modified RPGI (plastic
index) and appropriately distinguished the differences between the unique reflectance
characteristics of plastic materials and the vegetation phenology of crops. Although the
peak performance of the two methods was equivalent, RF was robust to the decision
threshold and was therefore practically advantageous for deployment to unknown regions
where the threshold is difficult to optimize in advance. For ISF, challenges remained in
improving classification accuracy due to the diversity of data distributions associated with
seasonal variations and the overlap of spectral characteristics between classes. Furthermore,
it was revealed that even when using high-resolution imagery, mixels (mixed pixels)
occurring in the boundary regions with adjacent parcels decrease extraction accuracy.

The method proposed in this study serves as a practical framework for significantly
reducing the costs of manual field surveys and automatically and accurately integrating
the wide-area distribution of agricultural facilities into existing agricultural land maps
(agricultural polygons). It is expected that the outcomes of this study will contribute
as a useful decision support tool for infrastructure management and the formulation of
sustainable agricultural plans in peri-urban agriculture.
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