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Abstract

Rapid urbanization in developing countries such as Iran has intensified pressure on agricultural land, highlighting the need for
sustainable and efficient food production systems. Agricultural Plastic Greenhouses (APGs) have become a scalable alternative by
enabling year-round cultivation and optimized land utilization. However, their rapid expansion necessitates continuous monitoring
to evaluate structural integrity and environmental impacts, including soil degradation, plastic waste accumulation, and water con-
sumption. This study presents a deep learning-based framework for the automated detection and condition assessment of APGs
using 0.5 m resolution Google Earth imagery across four major agricultural regions in Tehran County: Pakdasht, Qarchak, Pishva,
and Varamin. The proposed pipeline integrates YOLOv11 for precise APG segmentation with a U-Net architecture employing a
MobileNetV2 backbone for classifying damaged and intact structures. Out of 158,912 analyzed image tiles, 6,835 contained APGs,
covering an estimated area of 18.73 km2. Among these, 1,863 damaged structures were identified, predominantly located in Pak-
dasht and Pishva. Around 20% of the annotated greenhouses were verified on-site, improving labeling reliability, and the relatively
standardized design of APGs in Iran suggests the model could generalize to similar regions, with minor fine-tuning using local
samples if necessary. GIS-based spatial analysis further delineated potential plastic waste risk zones, supporting targeted envir-
onmental management. Comparison with government statistics and Sentinel-2 imagery from 2021 and 2024 revealed a continued
shift toward greenhouse farming in response to declining cropland availability. The proposed framework provides a scalable and
replicable tool for periodic APG monitoring, facilitating data-driven policymaking and sustainable agricultural planning.

1. Introduction

The pace of urbanization in developing countries, such as Iran,
has intensified pressure on arable land, resulting in the conver-
sion of farmland into built-up areas and threatening local food
security [Feizizadeh et al., 2022a, Ruel et al., 2017]. Plastic
greenhouses have emerged as a practical solution for year-round
cultivation, offering controlled environments and higher pro-
ductivity per unit area [Chen et al., 2021, Baudoin and Von Za-
beltitz, 2001]. In addition to monitoring greenhouse expan-
sion, the prompt detection of damaged plastic greenhouse struc-
tures is essential for maintaining structural integrity, prevent-
ing plastic waste dispersion, and ensuring continued agricul-
tural productivity. Beyond maintenance concerns, their accel-
erated expansion introduces environmental concerns, including
plastic waste accumulation, soil degradation, and increased wa-
ter demand that require continuous monitoring [Feng et al.,
2021, Shi WeiMing et al., 2009, Gündoğdu et al., 2022]. By
accurately identifying the location and area covered by green-
houses, stakeholders can implement targeted strategies to min-
imize these repercussions, preserving ecological balance and
public health.

To tackle the challenges outlined, this research aims to develop
a model for detecting agricultural plastic greenhouses (APGs)
in two distinct scenarios. The first involves analyzing the quant-
itative aspects of APGs by extracting their spatial data, such as
geographic location, surface area, shape, and spatial distribu-
tion patterns across the study region, while the second focuses

on detecting and classifying damaged APGs to assess environ-
mental contamination caused by plastic remnants and accur-
ately pinpointing damaged structures to support farmers with
timely maintenance. Both tasks will be addressed using remote
sensing imagery, along with computer vision and deep learning
techniques, which are further detailed in the subsequent sec-
tions of this paper.

In this study, a greenhouse is defined as “damaged” when high-
resolution (0.5 m) imagery reveals clearly visible and spatially
continuous structural deterioration, including partial or com-
plete roof collapse, large-scale tearing or removal of the plastic
covering, or significant deformation exposing underlying soil
or vegetation. Minor perforations that are not reliably detect-
able at the available spatial resolution are excluded from this
classification.

Specifically, deep learning techniques are employed for two
main objectives. First, APGs are segmented with high precision
using the You Only Look Once (YOLOv11) model. Second, a
classification approach based on a Convolutional Neural Net-
work (CNN) and MobileNetV2 is applied to classify damaged
greenhouses. The overall process involves initially segmenting
all greenhouses within the study area with high accuracy, fol-
lowed by identifying damaged structures among the detected
greenhouses using the classification model.

Field monitoring of APGs is often time-consuming, labor-
intensive, and costly. To address this, remote sensing imagery
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Figure 1. Overall workflow of the proposed framework for APG detection and damage assessment, including data acquisition,
preprocessing, segmentation, classification, spatial analysis, and validation.

with various spatial and temporal resolutions plays a crucial
role in efficient land surface mapping [Levin et al., 2007]. In
recent years, advancements in computer vision and machine
learning, particularly the evolution of deep learning algorithms,
have unlocked new possibilities for extracting valuable insights
from spatial datasets and remote sensing imagery [Omarza-
deh et al., 2024, Feizizadeh et al., 2022b, Chen et al., 2018].
Therefore, land cover classification and segmentation are valu-
able tools for comprehending the spatial extent, dimensions,
and composition of land occupied by natural or man-made ma-
terials. Building on this, automatic APG detection has been
explored through different techniques, many of which have
demonstrated notable success. For example, one of the most
recent studies by [Tong et al., 2024] conducted a global assess-
ment of greenhouse cultivation using satellite data and artifi-
cial intelligence, mapping 1.3 million hectares of greenhouse
infrastructure as of 2019, significantly more than previously es-
timated. The study analyzed both large and small-scale green-
houses, revealing a notable increase in greenhouse cultivation
in the Global South since the 2000s, with China alone ac-
counting for 60% of the global coverage. While highlighting
the potential of greenhouses to enhance food security, the re-
search also raises concerns about the environmental and social
implications of their rapid expansion, underscoring the need
for comprehensive spatio-temporal datasets to support future
studies. In another study, [Yang et al., 2017] used medium
spatial resolution satellite data of Landsat and spectral indices
for accurately detecting plastic greenhouses (APGs) in Shang-
dong Province, China. They achieved promising results with
a kappa coefficient of 0.83 and an overall accuracy of 91.2%.
Another study [Shi et al., 2019] adopted very high-resolution
images from the GaoFen-2 satellite to monitor APGs. This ap-
proach integrates the Double Coefficient Vegetation Sieving In-
dex (DCVSI), High-Density Vegetation Inhibition Index (HD-
VII), and Normalized Difference Vegetation Index (NDVI) to
effectively distinguish plastic greenhouses from other land sur-
faces. Their outcomes yielded a mapping accuracy of 97.34%,
demonstrating the method’s robustness across different phen-
ological stages and surrounding patterns. Similarly to our
research context, [Koc-San, 2013], a study in Antalya, Tur-
key, used WorldView-2 satellite imagery with machine learn-

Figure 2. a) Represents the location of the study area within
Tehran Province, and b) the distribution of collected ground

truth within the study area.

ing techniques to detect glass and plastic greenhouses. Super-
vised classifiers, including Maximum Likelihood (ML), Ran-
dom Forest (RF), and Support Vector Machines (SVM), were
applied. Among them, SVM achieved the highest accuracy
(93.88%), followed by RF (91.73%), both outperforming ML
significantly. This demonstrates the effectiveness of advanced
classifiers, particularly SVM and RF, in greenhouse detection.

Moreover, deep learning methodologies have been increasingly
employed for diverse purposes, including the classification of
urban features [Stewart et al., 2020, Qamar and Dobler, 2020],
as well as land cover classification [Mboga et al., 2020,Gaetano
et al., 2018]. Closer to our work, several studies have applied
deep learning and aerial imagery to detect APGs. For instance,
a study by [Chen et al., 2021] using Google Earth images im-
plemented U-Net to identify and detect greenhouses from high-
resolution aerial images, demonstrating the potential of deep
learning in agricultural monitoring. Similarly, a research con-
ducted by [Sun et al., 2021] employed a combination of deep
learning techniques and Sentinel-2 satellite images to accur-
ately map the distribution of plastic greenhouses, which sig-
nificantly enhances the efficiency of agricultural land manage-
ment. They achieved a kappa co-efficient of 0.81%. Addition-
ally, [Jakab et al., 2021] focused on the application of semantic
segmentation using deep learning models to detect APGs ap-
plying high-resolution RGB remote sensing images and convo-
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Figure 3. Samples of damaged APGs considered in this research

lutional neural networks. Based on their results, the VGG-11
backbone model resulted in an average accuracy of 79.2%, the
much more complex DenseNet121 model showed a result of
79.1%, while the ResNet18-based model showed an average
accuracy of 83.1%.

Although previous studies have been successful, they mainly
focus on detecting plastic greenhouses without differentiating
between damaged and intact structures. Most existing ap-
proaches treat greenhouses as homogeneous land-cover units
and emphasize presence and absence mapping rather than struc-
tural condition assessment at the object level. Consequently, an
integrated framework that combines high-precision segmenta-
tion, structural damage classification, and spatial environmental
risk awareness remains largely unexplored in the current liter-
ature.

In addition, many of these studies overlook key spatial attrib-
utes such as the geographic location, size, shape, density, and
spatial distribution patterns of greenhouses, which are essen-
tial for comprehensive spatial analysis, environmental assess-
ment, and planning interventions. This limitation not only af-
fects precise agricultural planning and structural assessment but
also makes it difficult to monitor the presence and distribution
of plastic remnants in the environment. In this research, we
employ a multifaceted approach that integrates spatial analysis,
statistical evaluation, and environmental considerations while
also providing practical solutions for farmers to identify and
repair damaged structures. By addressing these interconnected
aspects, our methodology ensures both scientific robustness and
real-world applicability.

In this research, we focus on the critical role of APGs in
agriculture, food security, and environmental sustainability.
Using high-resolution (0.5 meters) Google satellite imagery
from 2024, which was exported using QGIS software, ensur-
ing the original spatial resolution was preserved, we analyzed
APG coverage in four locations, including Pakdasht, Qarchak,
Pishva, and Varamin in Tehran County, Iran. Our approach in-
troduces an object-level remote sensing pipeline that integrates
instance segmentation and structural-condition classification to
accurately detect and assess APGs.

We first apply YOLOv11 for segmentation, identifying areas
covered by APG. Only the tiles containing APGs proceed to
the next phase, where we use a Convolutional Neural Net-
work (CNN) for classification. Specifically, we employ the U-
Net architecture with a MobileNetV2 backbone to distinguish
between damaged and undamaged greenhouses.

To ensure precise identification, we use pixel masks to differen-
tiate APGs (value of 1) from other structures (value of 0). In ad-
dition, we employ Geographic Information System (GIS) tools
to map the distribution of APGs and visualize potential areas
that could be affected by plastic waste. This approach helps in
environmental management by identifying potential sources of
contamination and providing farmers with valuable information

Figure 4. The classification pipeline begins with an input image
processed by a 1×1 convolution with ReLU6 activation to

expand feature channels. It then applies a depthwise separable
3×3 convolution to extract spatial features while minimizing
computational complexity. The architecture includes inverted

residuals, featuring an expansion layer, depthwise convolution,
and a 1×1 linear convolution for effective feature transformation.
Skip connections support residual learning, enhancing gradient

flow and retaining important information. Finally, a
classification layer determines whether the input image depicts a

damaged or undamaged structure.

to maintain the greenhouse infrastructure. By optimizing agri-
cultural practices in industrial greenhouse farming, our method-
ology contributes to environmental sustainability and improved
food security.

The paper is structured as follows: In Section 2, we introduce
our case study and describe the acquisition and preparation of
the dataset, including satellite imagery, field-verified ground
truth data, and the process of APG labeling and mask genera-
tion for model training. Section 3 presents the experimental out-
comes, including segmentation and classification performance
metrics, quantitative estimation of APG-covered areas, spatial
distribution analysis, and identification of damaged structures
potentially contributing to environmental contamination. Sec-
tion 4 discusses the methodological strengths, limitations, and
practical implications of the proposed framework, followed by
concluding remarks.

To provide a clear overview of the proposed framework, Fig-
ure 1 illustrates the complete workflow of the study, including
data acquisition, preprocessing, segmentation using YOLOv11-
seg, damage classification using MobileNetV2, spatial analysis,
and validation against official statistics.

2. Materials and Methods

In this study, the selected locations include four cities: Vara-
min (population 2588391), Pishva (67797), Pakdasht (271139),
and Qarchak (265088). These cities are located 35 km south-
east of Tehran, the capital of Iran. This area is known as the
Greenhouse Plain in Iran (Figure 2).

According to the Tehran Province Management and Planning
Organization, the province of Tehran, which is home to 9 mil-
lion people, ranks first in the country in greenhouse area and
production. It accounts for 20.7% of the greenhouse area of
the nation and 30.4% of its greenhouse production, with the
four cities examined in this study contributing to these figures
2. This research utilizes two primary types of geospatial data:
high-resolution satellite imagery and digitized geolocations of
APGs. The following sections describe the data sources and
preparation steps in detail.

1 SData: Sharif Pajouh Data Processing
2 Province Management and Planning Organization
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Figure 5. YOLOv11 Backbone, Neck, and Head with key blocks
SPPF, C2PSA, and optimized C3K2 for efficient multi-scale

feature extraction and detection.

This study applies remote sensing images obtained from
Google Earth. The use of Google Earth images has become
increasingly popular among remote sensing researchers across
various fields. These applications include estimating urban ve-
getation analysis [Duhl et al., 2012], land use and land cover
mapping [Pirbasti et al., 2024], forest studies [Ploton et al.,
2012], and the mapping of plastic greenhouses [Chen et al.,
2021]. In our region of interest, publicly accessible RGB im-
ages with a spatial resolution of 0.5 meters are available from
the Airbus satellite 3 for the year 2024 4. Additionally, many
researchers use Google Earth images as validation resources,
which further motivates our decision to employ them in this
study. To avoid losing the geographical information of the im-
ages, we obtained Google’s RGB images through the open-
source QGIS software.

The dataset containing the locations and shapes of APGs was
compiled through fieldwork, followed by the digitization of the
collected data. The primary goal of the fieldwork was to en-
sure the precise identification and digitization of plastic green-
houses exclusively. Distinguishing between glass and plastic
greenhouses from aerial imagery can be challenging due to their
visual similarities. As a result, GPS-based localization was
employed to accurately label plastic greenhouses during the
training phase. Glass greenhouses typically exhibit higher re-
flectivity and transparency, while plastic greenhouses may vary
in opacity and often develop textural changes over time. Con-
sequently, field verification is crucial to accurately differentiate
between these two types and ensure the reliability of the collec-
ted data.

A total of 3531 samples were collected, each representing
an individual greenhouse polygon, including 1553 damaged
and 1978 undamaged APG samples. The collection locations
were digitized using QGIS software, which provides access to
Google Earth imagery, enabling the creation of precise poly-
gons for the study area and ensuring accuracy in labeling.
Field validation was conducted by the authors through site vis-
its to verify a representative subset of annotated greenhouses.
Once the greenhouse shapes were accurately annotated, labeled
masks were generated for training the proposed models. The
first panel of Figure 1 illustrates the pipeline for location iden-
tification, digitization, and mask labeling. Each greenhouse is
3 Earth Observation Satellite, Airbus
4 Google Maps, Google Earth, and Street View Guidelines

Figure 6. Precision-Recall curve for classification model

centered in the middle of a labeled mask, with its correspond-
ing aerial image following the same alignment. This method
helps the model learn a centralization pattern for each identi-
fied segment, which it can then use to distinguish plastic green-
houses from other structures, such as buildings. It is also worth
noting that the substantial size of APGs greatly facilitates their
detection, making it easier to distinguish them from surround-
ing structures. Moreover, a key aspect of the training strategy
involved including images of buildings with constructions sim-
ilar to APGs but with labeled masks uniformly set to 0 (Non-
APGs), (See Figure 1, first panel).

2.1 Deep learning application

Deep learning, particularly through the use of CNNs, has signi-
ficantly advanced the field of image processing, including seg-
mentation [Shamsoshoara et al., 2021] and classification [Pan
et al., 2020]. CNNs excel at learning patterns and features
from images, allowing them to detect and classify objects ac-
curately. Among the various architectures developed for im-
age processing, U-Net stands out due to its efficacy in vari-
ous applications, from biomedical [Ronneberger et al., 2015]
to earth observation aerial images [Omarzadeh et al., 2024]. In
this work, we employ a U-Net architecture with a MobileNetV2
backbone to classify damaged and undamaged APGs.

MobileNetV2 [Sandler et al., 2018] is a convolutional neural
network specifically designed for execution on embedded
devices that need to perform computer vision tasks. Embed-
ded devices are small, specialized hardware systems such as
smartphones, drones, or IoT sensors that have limited pro-
cessing power, memory, and energy resources. This architec-
ture was selected due to its effective balance between compu-
tational efficiency and performance, making it particularly suit-
able for tasks requiring robust feature extraction and classific-
ation in resource-constrained environments. It applies Depth-
wise Separable Convolutions (dsc) to reduce computation (Fig-
ure 4). MobileNetV2 has demonstrated significant perform-
ance in object detection, image classification, and segmentation
tasks while maintaining highly memory-efficient inference.

In this study, “damaged” APGs are defined as plastic green-
houses with visible tears, holes, or deformations affecting struc-
tural integrity or coverage (Figure 3). An on-site verification
was considered to ensure consistency between visual interpret-
ation and actual structural conditions.

We use the YOLOv11 model in addition to MobileNetV2,
which is one of the two most recent developments in the
YOLO (You Only Look Once) series [Redmon et al., 2016].
This model is well-known for its remarkable speed, accur-
acy, and interpretability in object detection tasks. In order to
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Figure 7. Segmentation of plastic greenhouses from 640×640 px
satellite images. White regions in the masks accurately represent
detected greenhouse structures, effectively distinguishing them

from surrounding buildings and landscapes.

increase performance and usefulness, YOLOv11 introduces a
number of novel architectural improvements while building on
the strengths of its predecessors. The input, backbone, neck,
and head are the four main parts of the model. The input com-
ponent uses mosaic data augmentation to improve the robust-
ness and quality of the images. The backbone integrates the
C3K2 module, an optimized version of the Cross-Stage Par-
tial (CSP) module with kernel size 2, which significantly im-
proves feature extraction efficiency. Additionally, the C2PSA
module [Wang et al., 2024] (Convolutional block with Parallel
Spatial Attention), functioning similarly to an attention mech-
anism, is positioned after the Spatial Pyramid Pooling Fast
(SPPF) layer [Dewi et al., 2022] to further refine feature rep-
resentation. The neck section utilizes a combination of Feature
Pyramid Network (FPN) and Path Aggregation Network (PAN)
architectures, enabling effective multi-scale feature fusion and
aggregation. Finally, using the enriched features that the neck
provides, the head component carries out high-precision object
detection, as shown in Figure 5. To focus on accurate and
efficient object detection tasks, we use YOLOv11n (yolo11n-
seg for the segmentation task) as the baseline model for our re-
search due to its lightweight design and ability to be deployed
in resource-constrained environments.

Together, MobileNetV2 and YOLOv11 provide a powerful
combination for comprehensive image analysis, balancing ef-
ficiency and accuracy in our research framework. MobileN-
etV2 excels in classification tasks, while YOLOv11 enhances
our ability to perform precise object detection and segmenta-
tion, ensuring robust and efficient analysis of visual data.

2.2 Data Augmentation

Data augmentation was applied extensively across both the seg-
mentation and classification stages to increase the diversity of
the training data and improve model robustness. For the seg-
mentation task, YOLOv11 employed automatic augmentation
through the Albumentations library [Buslaev et al., 2020]. This
included preprocessing transformations such as blur, contrast
enhancement, random erasing, and geometric augmentations
like flipping and rotation. These augmentations allowed the
model to handle variations in image quality and appearance,
which are common in real-world remote sensing imagery.

For the classification task, online augmentation was applied dy-
namically during training. Techniques such as zooming, rota-
tion, shearing, and horizontal and vertical flipping generated
new variations of each input image in real time. Mosaic aug-
mentation was also incorporated to further expand the diversity
of visual patterns encountered during training. A 0.15 valida-
tion split ensured that model evaluation remained unbiased.

Data augmentation plays a vital role in enhancing machine
learning models, especially when training data is limited [Alif,

Set Total Undamaged Damaged F1
Samples APGs APGs Score

1 150 100 50 0.758
2 200 100 100 0.765
3 150 50 100 0.952
Average —— —— —— 0.825

Table 1. Testing F1 score across balanced and imbalanced
datasets.

County Predicted Area Officially Reported Area
(km²) (km²)

Varamin 3.98 5.22
Pakdasht 6.77 15.43
Pishva 7.33 14.00
Qarchak 6.50 10.00

Table 2. Comparison of Predicted APG Areas and Officially
Reported Greenhouse Areas (km²) Across Counties. The official

data includes both plastic and glass greenhouses.

2024, Maharana et al., 2022]. Artificially expanding the data-
set helps prevent overfitting and enables models to recog-
nize patterns across a wider range of conditions [Shorten and
Khoshgoftaar, 2019]. By introducing realistic geometric and
appearance-based variations, the applied augmentations im-
proved the generalization capability of both YOLOv11 and the
classification network. This led to gradual improvements in
precision, recall, and mAP50 across training epochs, demon-
strating the effectiveness of augmentation in producing more
reliable and adaptable models for practical applications.

For the classification task, model performance was assessed us-
ing Precision, Recall, and F1 Score, which are particularly in-
formative under class imbalance conditions [Gevaert and Bel-
giu, 2022]:

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 = 2× Precision × Recall
Precision + Recall

Figure 6 illustrates the precision–recall curve for our classifica-
tion model. The curve shows consistently high precision across
a wide range of recall values, indicating stable performance and
good generalization to unseen samples.

2.3 Accuracy Assessment Metrics

The segmentation performance was evaluated using the Jaccard
Index, also known as Intersection over Union (IoU) [Yuan et
al., 2017], defined as:

J(M,C) =
|M ∩ C|

|M |+ |C| − |M ∩ C|

where M and C denote the ground truth and predicted masks,
respectively. J(M,C) ranges between 0 and 1, with higher val-
ues indicating better overlap between the predicted and refer-
ence areas. This metric is widely used for segmentation eval-
uation in both medical and remote sensing imagery [Setiawan,
2020, Muhadi et al., 2020].

To ensure a fair evaluation, the dataset was divided into four test
sets with varying ratios of damaged and undamaged APGs, sim-
ulating both balanced and imbalanced real-world conditions. F1
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Figure 8. Spatial distribution of APGs

scores were computed separately for each set, as reported in
Table 1. This multi-split evaluation provides a more reliable es-
timate of model performance under different class distributions
and reduces the risk of overfitting to a single data composition.
The mean F1 score across all test sets reached 0.825, reflect-
ing the model’s robustness in distinguishing damaged structures
despite data imbalance.

Furthermore, the model achieved an overall classification ac-
curacy of 90.77% when predictions were compared with ground
truth labels. While accuracy provides a general measure of cor-
rectness, the F1 score offers a more balanced evaluation under
class imbalance, balancing precision and recall. By combining
accuracy, F1 score, and the precision–recall relationship, we
comprehensively validate the classifier’s ability to identify dam-
aged greenhouses across varying sample distributions. These
results highlight the model’s applicability for large-scale envir-
onmental monitoring and damage detection in heterogeneous
agricultural landscapes.

3. Results

The first step involved generating binary segmentation masks
(1 = APG, 0 = background) from 0.5-meter imagery using the
YOLOv11 model. Figure 7 shows sample segmentation out-
puts, demonstrating the accurate delineation of APG structures
and clear separation from buildings and other agricultural fea-
tures.

Across the four counties (Varamin, Qarchak, Pishva, and Pak-
dasht), a total of 158,912 image tiles (640 × 640 px) were pro-
cessed. Among these, 6,835 tiles were identified as containing
APGs, and their corresponding masks were retained for further
analysis. The total mapped APG area derived from these seg-
mentation masks is 18.73 km2 (Table 2).

Figure 8 illustrates the spatial distribution of detected green-
houses. The highest densities occur in the northwestern (Pak-
dasht) and central (Pishva) regions, while southern areas show
minimal greenhouse presence due to arid conditions and dis-
tance from major population centers.

To contextualize the segmentation-derived area estimates, we
compared our results with the 2024 report from the Varamin
County Agricultural Organization. This report states that the
total greenhouse area in Varamin, combining plastic and glass
structures, covers 5.22 km2. In comparison, our method iden-
tifies 3.98 km2 of plastic-only greenhouses in the same region.
This close agreement supports the reliability of our segment-
ation model and highlights its practical utility in estimating

Figure 9. Classification data preparation and the distribution of
damaged APGs in the area.

plastic greenhouse areas, despite the exclusion of glass green-
houses.

In the next step, segmentation outputs were used to guide the
classification of damaged APGs. Each segmented greenhouse
was enclosed in a bounding box, cropped, and resized to 224
pixels before being used as classification input. This workflow
is illustrated in Figure 9.

The classification model identified 1,863 damaged APGs across
the study area. Field verification was performed on 20% of the
results. Their spatial distribution (shown in Figure 9) reveals
that most damaged structures are concentrated in the central and
northwestern regions. Figure 3 presents sample images of dam-
aged APGs considered in this study.

Table 1 summarizes the model performance using three separ-
ate test sets with varying class balance. The model achieved an
average F1 score of 0.825, which is comparable to and in some
cases exceeds performance reported in recent APG damage-
detection studies based on lightweight CNNs and U-Net vari-
ants. Importantly, all test sets included images that the model
had never seen during training, demonstrating its ability to gen-
eralize to new data within the study region. While greenhouse
structures across Iran often share similar shapes and materials,
suggesting the model’s potential applicability to other regions,
slight design or environmental differences may require minimal
fine-tuning using a small number of samples from the new area
to maintain high performance.

Training and validation curves for the classifier are shown in
Figure 11. Both loss and accuracy exhibit stable and consist-
ent trends, demonstrating effective training and generalization
with no indication of overfitting. These results indicate that the
model is robust across both balanced and imbalanced datasets,
supporting its application for large-scale environmental monit-
oring.

4. Discussion and Conclusions

The integration of YOLOv11-seg and MobileNetV2 demon-
strates that very high-resolution RGB imagery can effectively
support both detection and condition assessment of agricultural
plastic greenhouses (APGs). Our findings confirm a growing
spatial footprint of greenhouse farming across Tehran County
and reveal concentrated clusters of damaged structures, particu-
larly in Pakdasht and Pishva. These patterns align with govern-
ment statistics5 and Sentinel-2 imagery from 2021–2024 (Table
2 and Figure 10), indicating a regional shift toward greenhouse-
based cultivation as open-field farming declines.

Few studies have simultaneously addressed APG segmentation
and structural damage classification using very high-resolution
5 Agricultural Jihad Organization of Varamin County
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Figure 10. Detected transformations in land use: (a) Sentinel-2,
2021, 10 m resolution; (b) Sentinel-2, 2024, 10 m resolution;

and (c) Google Earth, 0.5 m resolution confirming the presence
of plastic greenhouses in the area.

imagery. Previous works either focused solely on greenhouse
detection [Song et al., 2025] or used medium-resolution im-
agery insufficient for assessing structural integrity [Acharki et
al., 2024]. In contrast, our approach leverages 0.5 m imagery,
enabling detection of features as small as 10 × 10 m and facil-
itating identification of damaged structures. By combining seg-
mentation with damage classification, the framework provides a
more comprehensive assessment linking agricultural productiv-
ity with environmental risks, including plastic waste accumula-
tion.

Despite these strengths, several limitations should be noted.
Damage classification was validated visually, rather than with
fully quantifiable ground-truth data, as no official dataset ex-
ists for this region. While visual inspection provides prelimin-
ary verification, it introduces subjectivity and may miss subtle
forms of structural degradation. Field inspections to enhance
the reliability of the labels were conducted (roughly one-fifth
of the mapped greenhouses), enabling hands-on verification of
the physical characteristics of the structures. Future research
should include structured field surveys, drone-based monitor-
ing, or collaboration with local agricultural authorities to gen-
erate reliable ground-truth data. Additionally, relying solely
on RGB imagery limits spectral sensitivity for distinguishing
materials or subtle damage, which could be improved using
multispectral, thermal, or LiDAR data. While the model was
trained and tested only on the Tehran County dataset, the rel-
atively standardized design of plastic greenhouses across Iran
suggests potential applicability in other regions. Minor vari-
ations in greenhouse construction or environmental conditions
could be addressed by fine-tuning the model with a small num-
ber of local samples, allowing transferability without retraining
from scratch.

The practical implications of this work are significant. Accurate
mapping of greenhouse locations enables estimation of cultiv-
ated area, potential crop yield, and land-use change monitoring,
supporting evidence-based agricultural planning. Identification
of damaged APGs informs targeted maintenance and plastic
waste management, helping prioritize cleanup efforts and mit-
igate environmental impacts. Moreover, the framework can aid
climate-resilience planning by monitoring greenhouses vulner-
able to extreme weather events, supporting disaster prepared-
ness and post-event recovery strategies. These results provide a
validated, scalable framework that can guide agricultural man-
agement and environmental monitoring, while also being ad-
aptable to similar greenhouse regions with minimal additional
effort.

Figure 11. Training and validation loss and accuracy curves for
the classification model.
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