Machine Vision and Applications (2026) 37:148
https://doi.org/10.1007/500138-026-01910-0

RESEARCH

®

Check for
updates

Abnormality detection and quantification in maize fields using
selective unsupervised domain adaptation

Aminul Huq' - Dimitris Zermas? - George Bebis'

Received: 28 January 2026 / Revised: 20 July 2026 / Accepted: 17 August 2026
© The Author(s), under exclusive licence to Springer-Verlag GmbH Germany, part of Springer Nature 2026

Abstract

Timely detection and quantification of plant abnormalities in agricultural fields is critical, as delays can significantly
impact crop health and yield. Automating this process can offer substantial economic and environmental benefits. The
focus of this work is on detecting and quantifying abnormalities in maize fields by analyzing high-resolution RGB images
captured by Unmanned Aerial Vehicles (UAVs). Common approaches rely on limited training data that are also tuned to
specific field characteristics. As a result, models trained on one field do not perform well on data from another field due
to the domain shift. To address this challenge, we present a deep learning framework for robust and accurate detection and
quantification of abnormalities in maize fields, independently of growth stage, abnormality severity, or soil type. Central
to the proposed approach is the idea of standardizing data collected under diverse field conditions by mapping them to
a shared domain using unsupervised domain adaptation (UDA). UDA preserves critical abnormality-related information
while filtering out irrelevant, field-specific variations. To further enhance data quality, we filter out poorly adapted images
that introduce artifacts using a methodology we refer to as selective UDA. We leverage the shared domain to enhance
training by performing data augmentation and improve domain generalization by bridging the domain shift between train-
ing and test images. During training, data collected under various field conditions are effectively aggregated by mapping
them into a shared domain, enriching the training data with domain-adapted images rather than synthetic data alone.
During testing, incoming images are mapped into the same shared domain. Our framework employs Vision Transform-
ers for detection and quantification, along with an ensemble of CycleGANs for domain adaptation. We demonstrate the
effectiveness of the proposed approach on a publicly available dataset containing UAV-collected RGB images of healthy
and unhealthy maize plants of various growth stages from two different maize fields exhibiting variable conditions.

Keywords Maize plants - Abnormality detection and quantification - Data augmentation - Domain adaptation

1 Introduction United Nations, plant diseases and pests account for a 40%

loss in global crop yields annually, leading to an estimated

Plant abnormalities can arise from various factors, includ-
ing nutrient deficiencies, drought, plant diseases, and pests.
According to the Food and Agriculture Organization of the
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$220 billion in economic damages [1]. Early detection of
plant abnormalities enables timely and targeted interven-
tions, preventing widespread crop damage while preserv-
ing yield quality and productivity. In addition, it reduces
the financial burden on farmers by minimizing costly treat-
ments and crop losses, ultimately promoting sustainable
agriculture and enhancing global food security. Abnor-
mality detection in agriculture has traditionally relied on
manual labor, requiring farmers to inspect individual plant
rows and leaves. This process is not only labor-intensive
but also impractical for large-scale operations, as it must
be repeated multiple times throughout the plants’ life-cycle.
Additionally, it is highly error-prone, as accurately identify-
ing various abnormalities demands significant expertise and
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experience. These challenges can result in the improper or
excessive application of fertilizers and pesticides, contribut-
ing to over-treatment and environmental problems.

In this study, we focus on detecting and quantifying
abnormalities in maize plants, one of the most critical staple
crops in the US, with an estimated 15.2 billion bushels har-
vested in 2023 [2]. UAVs and robotic platforms, combined
with Deep Learning (DL) methods, provide a promising
solution for efficient data collection and analysis in vari-
ous crops, including maize [3—5]. Equipped with advanced
sensors, UAVs can capture high-resolution imagery across
multiple spectra, such as visible light, infrared, near-infra-
red, and hyper-spectral. These images can then be processed
using DL algorithms to detect abnormalities at early stages,
enhancing targeted treatments and optimizing crop manage-
ment. While UAVs have significantly improved large-scale,
high-resolution data collection, there exist several chal-
lenges in successfully deploying DL approaches in agricul-
ture. First, DL models require extensive training data, which
is not always readily available. Transfer learning with fine-
tuning [6] and data augmentation [7] strategies have been
used to address this issue. Second, DL models trained on
data from a particular field under certain conditions often
experience performance degradation when applied to the
same or different fields due to variations in soil types, crop
growth stages, lighting conditions, and camera type. This
phenomenon, known as the domain shifi problem, stems
from differences in data distribution across field environ-
ments and remains a major obstacle to the widespread adop-
tion of DL-based abnormality detection in agriculture.

The standard approach to mitigating domain shift is
supervised domain adaptation (SDA), which involves
retraining DL models to achieve satisfactory performance
in a new domain. However, this method relies on annotated
data from the target domain, which is often unavailable and
requires significant time and effort to obtain. Consequently,
a purely supervised approach is not scalable, as it neces-
sitates continuous labeling efforts each time domain condi-
tions change. An alternative and more scalable solution is
unsupervised domain adaptation (UDA) [8], which elimi-
nates the need for annotated data in the target domain. The
key idea behind UDA is to develop algorithms that transfer
knowledge learned from a labeled dataset to an unlabeled
dataset. Throughout this study, we define the source domain
as the training domain and the farget domain as the testing
domain. UDA has been applied in agriculture in two main
ways: Synthetic-to-Real Unsupervised Domain Adapta-
tion (SR-UDA) and Real-to-Real Unsupervised Domain
Adaptation (RR-UDA). SR-UDA addresses the domain gap
problem when synthetic data is used for data augmentation.
In this case, UDA is used to adapt synthetic plant images
to match real field conditions while leveraging labels from
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the source domain [9, 10]. RR-UDA addresses the domain
shift problem by transferring images from the target domain
to the source domain using labels from the source domain
[11-15]. We review representative approaches from each
category in Sect. 2.

The focus of this work is on developing an effective
framework for detecting and quantifying abnormalities in
maize fields using UAV-captured high-resolution RGB
imagery. Our goal is to create a generic abnormality detec-
tion and quantification system that remains robust across
different growth stages, soil types, lighting conditions,
and other field variations. More broadly, this work aims to
demonstrate how domain adaptation can be used both as a
data augmentation strategy during training and as a gen-
eralization mechanism during deployment. Therefore, the
proposed framework is not restricted to a specific domain
adaptation model or downstream prediction model. In
this study, we employ CycleGANSs [16] to transform data
from different field conditions into a shared domain and
use a Vision Transformer (ViT) regression model [17] for
abnormality quantification. However, other domain adapta-
tion models or task specific downstream model could also
be incorporated within the same framework. Our objective
is not to claim that this particular combination is optimal,
but rather to validate the feasibility and effectiveness of
the overall domain adaptation-driven framework for data
augmentation and generalization which can ensure robust
abnormality detection and quantification. We use pixel-level
UDA method CycleGAN in contrast to feature-level UDA
methods because it adapts the images on pixel space which
in turn provides better interpretability. Also pixel-level
UDA is inherently model-agnostic, providing greater flex-
ibility to integrate the adapted images with a wide range of
downstream task models without requiring modifications to
their feature extraction pipelines.

By mapping data from different field conditions into a
shared domain, the proposed approach enables a more con-
sistent representation across diverse environments. Unlike
traditional data augmentation methods, this strategy does
not rely solely on synthetic data, although synthetic data can
be easily incorporated into the framework. While synthetic
data can provide readily available ground truth information,
generating realistic synthetic representations for different
crops, growth stages, and field conditions remains challeng-
ing. In contrast, mapping real data into a common domain
preserves a higher degree of realism, although it requires
annotating at least a subset of the data [18]. During training,
domain-adapted images from different field conditions can
be aggregated within the shared domain to enrich the train-
ing set and reduce the impact of field-specific variations.
During deployment, images from a new domain can first be



Abnormality detection and quantification in maize fields using selective unsupervised domain adaptation

Page3of 25 148

mapped to the same shared domain before being analyzed
by the downstream abnormality quantification model.

To prevent contamination of the training and test data
with low-quality translated samples, we apply a filtering
strategy referred to as selective UDA, which removes poorly
adapted images. This step is important because domain
adaptation may introduce artifacts, alter visual characteris-
tics related to plant abnormalities, or remove abnormality-
related information in some cases. By filtering out such
samples, the proposed framework aims to retain the benefits
of domain adaptation while reducing the negative impact
of low-quality translations. For abnormality quantification,
we employ a ViT regression model that estimates the level
of abnormality in image patches. By applying a threshold
to the output of the ViT regressor, the same model can also
be used for abnormality detection. Our method can provide
critical insights to farmers by identifying areas of the field
that require closer attention. Additionally, it can facilitate
data annotation by directing annotators’ focus toward spe-
cific regions instead of the entire field, thereby improving
both the accuracy and efficiency of image labeling [18]. An
earlier version of this work has appeared in [19].

The key contributions of this work can be summarized
as follows:

e We propose a domain adaptation-driven framework
that uses domain adaptation model for data augmenta-
tion and generalization for abnormality detection and
quantification in maize fields using UAV-captured high-
resolution RGB imagery. We demonstrate the feasibil-
ity of the proposed framework using CycleGAN-based
domain adaptation and a ViT-based regression model for
patch-level and whole image-level abnormality detec-
tion and quantification.

e We introduce a selective UDA strategy to identify and
remove poorly adapted images that may contain arti-
facts or lose abnormality-related visual information dur-
ing domain translation.

The remainder of the paper is structured as follows: Sect. 2
provides a review of related work. Section 3 outlines the
proposed methodology and key contributions while Sect. 4
describes the datasets used in our experimental analysis.
Section 5 presents our experiments, results, and compara-
tive evaluations. Finally, Sect. 6 summarizes our findings
and discusses directions for future research.

2 Background

Detecting nutrient deficiencies and other abnormalities,
such as those caused by drought, diseases, and pest infes-
tations, remains a significant challenge in the agriculture
industry. Traditional methods are invasive, requiring man-
ual leaf, foliar, or soil sample collection at regular intervals,
followed by chemical analysis. Although these methods
can detect abnormalities early, often before visual symp-
toms appear, they are expensive and can take days or even
weeks to process. Noninvasive methods generally rely on
non-imaging spectroscopy, such as chlorophyll meters and
canopy reflectance sensors [20, 21], as well as imaging
spectroscopy, including RGB, multispectral, and hyperspec-
tral cameras [22, 23]. While chlorophyll meters and canopy
reflectance sensors measure variations in leaf spectral prop-
erties, additional processing is needed to correlate these
changes with specific abnormalities accurately. In [24], a
handheld meter was used to measure chlorophyll concentra-
tion in rice plant leaves precisely. A linear regression model
was then developed to correlate color features with varia-
tions in chlorophyll concentration resulting from nitrogen
deficiency. In imaging spectroscopy, image analysis tech-
niques are commonly used to identify visual indicators of
plant abnormalities [25]. Features such as color, texture, and
shape can be extracted from RGB images of leaf samples
and used to train traditional classifiers, including Multi-
Layer Perceptrons (MLPs) and Support Vector Machines
(SVMs), for abnormality detection. These approaches have
been applied to a variety of crops, including chili [26],
coffee [27], corn [27], and tomato [28]. Alternatively, DL
methods can automatically extract more powerful, though
less interpretable, features from RGB images, often sur-
passing traditional approaches in performance [5, 28-30].
Overall, the effectiveness and robustness of these methods
can be further enhanced by incorporating a richer set of fea-
tures derived from multispectral or hyperspectral imagery,
although this typically comes with increased cost and com-
plexity [31, 32]. In this work, however, we focus our review
on approaches that utilize high-resolution RGB cameras for
data collection, as they offer a cost-effective solution while
still capturing a substantial amount of visual information.
Estimating the severity of abnormalities for an entire field
using only a small sample of leaves is both time-consuming
and unreliable. On the other hand, collecting data automati-
cally using UAVs (or ground robots) can provide a repre-
sentative sample of images from the entire field efficiently
and cost-effectively [33]. More broadly, UAV and remote
sensing imagery have been widely used in various recogni-
tion tasks, including scene classification, object detection,
and land-cover analysis. Recent studies have increasingly
explored CNN-Transformer hybrids, ViT-based models,
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and knowledge distillation to improve recognition accuracy,
robustness, and computational efficiency. For example,
quantitative regularization has been used to improve ViT-
based remote sensing image classification under domain
discrepancies and limited training data [34]. Other studies
have investigated cross-modal and symmetry-aware knowl-
edge distillation, where knowledge from ViT or ensemble
teacher models is transferred to lightweight CNN students
to improve classification accuracy while reducing model
size and inference cost [35, 36]. In addition, causal feature
alignment has been introduced for remote sensing object
detection to improve robustness against environmental and
sensor-induced variations [37].

In the domain of agricultural abnormality identification a
methodology was proposed to detect nitrogen deficiency in
maize plants and evaluate its severity using UAV-collected
high-resolution RGB images by Zermas et al. [18]. In their
study, the authors first tackled the challenge of generating a
large dataset of high-quality annotated images for training
DL-based object detection models. For specialized applica-
tions, such as nitrogen deficiency detection, domain experts
are typically required to annotate many images, a time-
consuming and costly process. To overcome this challenge,
the authors developed a recommendation tool to identify
candidate plants exhibiting nitrogen deficiency. With mini-
mal interaction, this tool enabled annotators to efficiently
generate a large training dataset. The recommendation sys-
tem was developed using three different SVMs. The first
SVM extracted green pixels by distinguishing them from
other categories, such as yellow and soil-colored pixels. The
second SVM further separated the yellow pixels from the
remaining ones, while the final SVM determined whether
the yellow pixels resulted from nitrogen deficiency. The gen-
erated dataset was then used to train a Faster R-CNN model
based on the ResNet-50 architecture for nitrogen deficiency
detection. Their approach achieved a mean average preci-
sion of approximately 82.3% at a 50% Intersection over
Union (IoU). UAV-captured RGB images of maize fields
were analyzed to detect drought-affected plants in [30]. The
authors employed U-Net and U-Net++ architectures with
a ResNet34 backbone to segment drought-affected areas.
Rather than manually annotating the images to establish the
ground truth, they generated segmentation masks by com-
bining Otsu’s method with a naive thresholding approach.
The U-Net and U-Net++ models were then trained for
drought-affected maize plant segmentation. By integrating
the results of both models, they achieved an average Inter-
section over Union (IoU) of 0.71. In [38], CNN models
were employed to analyze UAV-captured images for weed
segmentation. Initially, a CNN model was trained on small
field regions. Subsequently, pixel-wise weed maps were
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generated by applying the trained CNN to larger, whole-
field orthomosaic images.

Deploying DL models in agricultural applications
requires large amounts of training data, which are often not
readily available. Data annotation is also frequently neces-
sary, a time-consuming and labor-intensive process. Various
methods have been proposed to address these challenges,
including data augmentation [7] and transfer learning
through pre-training followed by fine-tuning [6]. Standard
data augmentation techniques (e.g., rotation, shifting, zoom-
ing, flipping, and brightness and color transformations) and
transfer learning strategies (e.g., pre-trained models on large
datasets or ensembles of pre-trained models) with fine-tun-
ing have been commonly used in agricultural applications.
Such approaches have been applied to a variety of problems
such as nutrient deficiency detection [39, 40], disease detec-
tion [41, 42], and semantic segmentation [43]. Traditional
data augmentation techniques, however, fail to offer the data
variability required in agricultural applications. In [29], five
different CNNs with standard data augmentation were eval-
uated for detecting nutrient deficiencies in sugar beets using
high-resolution RGB images (top-down view of the entire
plant). The results revealed that variations in growth stages
and field conditions, especially differences in soil types, sig-
nificantly impacted the performance of the CNN models.
Transfer learning leverages the knowledge of a previously
trained model to enhance performance on downstream tasks.
Fine-tuning, which involves refining the model’s weights
using data from the application domain, typically leads to
further improvements. However, when pre-trained models
are applied to domains that differ significantly from those
they were trained on, performance remains suboptimal,
even with fine-tuning [44]. We have encountered this issue
in our experiments, which can be mitigated by ensuring that
the domains of the pre-trained model and the downstream
task are similar.

A promising data augmentation strategy that can also
help to address the shortage of annotated data, is synthetic
data generation [45—47]. This approach offers a cost-effec-
tive way to create large datasets for training DL models.
Additionally, annotations are trivially available from the
renderer, eliminating manual annotation and providing
highly accurate annotations. To enhance the realism of syn-
thetic images, SR-UDA [8] can be used to align synthetic
data with real field domains better, improving generaliza-
tion performance. The main idea of domain adaptation is
to align the source and target distributions. This can be per-
formed either in the feature space (i.e., extract features that
remain invariant in the source and target domains) or in the
pixel space (i.e., map images from the source domain to the
target domain). Here, we focus on pixel-based methods as
feature-based methods depend on the downstream task.
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Fei et al. [9] introduced a SR-UDA data augmentation
method to generate photorealistic agricultural images by
transforming synthetic 3D crop models into real-world
crop domains. The key innovation of their work was a task-
aware, semantically constrained CycleGAN model designed
to map images from a synthetic agricultural domain to a
real-world domain while preserving task-relevant seman-
tics. The study focused on vineyard grape detection using
YOLOv3, assuming a synthetically generated dataset with
ground-truth labels in the source domain created via a 3D
rendering engine. Additionally, they had a large collection
of images from the target domain, though only a small sub-
set was labeled. Initially, they trained an object detection
model using synthetic source-domain data and fine-tuned it
with the limited labeled data from the target domain. The
synthetic images from the source domain were then adapted
to the target domain for data augmentation purposes. This
was achieved using a CycleGAN model with an additional
task-specific semantic constraint loss to preserve spatial
semantics such as grape position and size. For this, the
object detection model (with frozen weights) was used to
ensure that the detections agreed with the ground truth. As
a result, the domain-adapted images remained well-aligned
with the generated semantic labels in the source domain.
The domain-adapted images were subsequently used to fine-
tune the object detection model further. Their experiments
demonstrated that using domain-adapted images improved
grape detection performance compared to using unadapted
synthetic images.

In related work, Cieslak et al. [10] introduced a proce-
dural modeling technique for generating synthetic images
of soybean plants and weeds in a field to support seman-
tic segmentation tasks for autonomous weed control. Their
model can simulate various growth stages of soybean plants,
diverse soil conditions, and randomized field arrangements
under diverse lighting conditions. Their approach involved
modeling the shape and size of these plants, using computer
graphics software (Blender) to simulate different lighting
conditions and how light interacts with objects in the field.
To improve the photorealism and practical utility of syn-
thetic data, real-world textures, and environmental factors
were incorporated into the procedural generation process.
To mitigate the synthetic-to-real domain gap (i.e., the dis-
crepancy between synthetic and real data distributions),
domain adaptation was performed using SR-UDA based on
the Contrastive Unpaired Translation (CUT) model [48],
enabling the transformation of synthetic images to better
align with real-world data. Their experiments showed that
training semantic segmentation models with synthetic and
real data in the agricultural domain could achieve equal or
even superior performance compared to using real datasets
of the same size. Surprisingly, however, the authors found

that the domain-adapted images did not improve perfor-
mance compared to synthetic images. They hypothesized
that this was because (i) the ImageNet-1k weights used for
pre-training did not capture features relevant to their seman-
tic segmentation task, and (ii) the domain-adapted images
contained artifacts that disrupted the semantic consistency
between the images and their corresponding labels.

The above methods focused on data augmentation using
synthetic data generation. SR-UDA was employed in this
context to bridge the domain gap between synthetic and real
data. However, RR-UDA can also be employed to bridge
the performance gap due to the domain shift between source
and target domains. Traditional techniques, for example,
based on contrast stretching [49, 50], have been proposed
in this context but with limited success. Magistri et al. [12]
proposed an RR-UDA method for robust crop-weed-soil
segmentation across various field conditions and crop types.
Their approach used labeled images from the source domain
and unlabeled images from the target domain. Similarly to
Fei et al. [9], their goal was to generate domain-adapted
images that closely resembled the target domain while pre-
serving the semantic content of the source domain. How-
ever, unlike [9], they enforced the semantic constraint by
jointly learning to (i) translate source domain images into
the target domain and (ii) perform semantic segmentation in
the target domain using only source domain labels. A modi-
fied version of the CUT model was used to generate both
the domain-adapted images and corresponding segmenta-
tion masks in the target domain. The labels from the source
domain and the predicted segmentation masks from the tar-
get domain were used to define an additional loss function
based on a modified IoU function and enforce the seman-
tic consistency between the source and target domains.
The domain-adapted images and the source domain labels
were then used to train a segmentation model in the target
domain using CNNs. The method was validated and com-
pared with other methods by performing experiments using
both ground- and UAV-collected images across different
field conditions and crops. Results for semantic segmenta-
tion were somewhat mixed, with the most favorable out-
comes observed on the largest datasets. Interestingly, the
Fréchet Inception Distance (FID), a metric commonly used
to evaluate the quality of image-to-image translation, did
not correlate with improved segmentation performance in
the target domain.

In a related work [11], semantic consistency was main-
tained by ensuring that both source and domain-adapted
images were segmented similarly. This was achieved by
jointly training a CycleGAN model for domain adapta-
tion alongside a supervised semantic segmentation model
for the target domain, using domain-adapted images and
source domain labels. Additionally, a separate semantic
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segmentation model was trained in a supervised manner
using source domain images and labels; however, its weights
remained frozen during the optimization of the domain
adaptation model and the target-domain semantic segmenta-
tion model. To enforce cross-domain semantic segmentation
consistency, four loss functions, based on the same modi-
fied IoU function as in [12], were employed. They reported
excellent performance across varying domains, including
new field environments, different crops, and different sen-
sors or robots, while relying solely on labeled data from the
source domain. The above approach was motivated by the
work in [14], where cross-domain semantic segmentation
consistency was employed for domain adaptation in dense
prediction tasks such as semantic segmentation, optical flow
estimation, and depth prediction. In [15], an extra loss term
based on the Fourier Transform (FT) phase was shown to
further preserve semantic segmentation consistency and
improve performance in weed segmentation. Recent remote
sensing studies further emphasize the importance of pre-
serving structural information under domain shifts. Gao et
al. [51] showed that low-level patterns, such as lines and
contours, can serve as domain-invariant features for multi-
source remote sensing classification. More directly, Song
et al. [52] used wavelet-based high-frequency guidance for
heterogeneous remote sensing change detection, capturing
shared structural details such as edges, textures, and object
boundaries. These studies support the observation that
pixel-level adversarial translation alone may be insufficient
to preserve fine structural semantics, motivating additional
semantic, structural, or frequency-domain constraints dur-
ing domain adaptation.

RR-UDA has also been leveraged in several other agri-
cultural applications, including leaf counting [53], fruit
counting [54], and potato defect classification [55]. UDA
methods have also been proven to be valuable in applica-
tions beyond agriculture. In [56], a similar approach to [10]
was proposed for synthetic-to-real domain adaptation for
semantic segmentation in robotics. To reduce the training
time of the CUT model and enhance global consistency, they
trained it using random patches rather than entire images.
The resulting domain-adapted images achieved higher
segmentation performance than synthetic images and per-
formed comparably to real images. While combining real
and domain-adapted images provided additional improve-
ments, the gains were not significantly greater than those
achieved by combining synthetic and real images. Hoff-
man et al. [13] proposed CyCADA, a domain adaptation
approach combining cycle consistency with task-specific
semantic consistency in a CycleGAN model as in [9, 12]. In
addition to adapting representations at the pixel level (i.e.,
pixel-level consistency), they also adapt representations at
the feature level (i.e., feature-level consistency) by adding a

@ Springer

new loss function enforcing that both domain-adapted and
target images yield similar levels of performance on the
task-specific task. In their work, they considered improv-
ing the performance of object recognition (digit recogni-
tion across domains) and semantic segmentation (urban
scenes across domains) by transferring real images between
domains. Moreover, they applied CyCADA to transform
synthetic images to a real domain, such as in [9, 10]. In [57],
domain adaptation was used to build a robust pedestrian
detection system in the thermal infrared spectrum. Despite
the effectiveness of thermal infrared imaging in detecting
pedestrians, particularly in low-light conditions, progress
in this field has been hindered by the lack of a sufficiently
large, annotated thermal infrared image dataset. To address
this challenge, the authors leveraged the availability of
large annotated image datasets in the visible spectrum and
domain adaptation for data augmentation. Specifically, they
employed a CycleGAN model to convert annotated pedes-
trian images from the visible spectrum into the thermal
infrared spectrum, enhancing the training of a pedestrian
detector in the thermal infrared domain. They trained the
domain adaptation model and pedestrian detector in two dif-
ferent ways: (i) separately (two-stage) and (ii) jointly (end-
to-end). They reported a reduction in the log-average miss
rate by more than 12% on the KAIST detection benchmark,
with the two-stage approach performing better than the end-
to-end approach. A related approach was proposed in [58]
for thermal infrared tracking.

In this study, we deploy RR-UDA to mitigate perfor-
mance gaps caused by domain shifts between the source
and target domains. We leverage RR-UDA for data aug-
mentation in training and domain generalization in test-
ing. Unlike traditional data augmentation schemes based
on synthetic data, we augment the training data by merging
real-world datasets, which inherently capture diverse plant
growth stages, abnormalities, and field conditions. While
synthetic data generation offers the advantage of automati-
cally producing ground truth labels, creating highly realistic
synthetic images that accurately reflect real field conditions
and crop variations remains a significant challenge. Scaling
synthetic data generation across different field conditions
and crop types requires considerable time and effort. Our
approach addresses these challenges by first mapping differ-
ent image datasets to a shared domain using RR-UDA. As
new data become available, they can be mapped to the same
shared domain and added to the existing training dataset,
continuously improving both the quantity and quality of the
training set. Incoming new images can also be adapted to
the same shared domain in order to improve generalization
performance.
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3 Methodology

Given UAV-captured high-resolution RGB images of a
maize field, the objective is to determine whether an image
contains abnormal corn plants and to quantify the overall
level of abnormality. Using the UAV’s position and orienta-
tion, it is also possible to estimate the geographic area in
the field exhibiting signs of abnormality. However, precise
localization of individual abnormalities or classification into
specific abnormality types is beyond the scope of this work.
To quantify the level of abnormality in an image, we apply
a ViT regressor [17], denoted as VT4, to non-overlapping
patches of the image using a sliding window approach. Spe-
cifically, we slide an W x W window from left to right, top
to bottom, with a stride equal to W and apply the VT, to
estimate the proportion of abnormal pixels relative to the
patch size. Details on how this ratio is determined are pro-
vided in Sect. 4. An overall “Abnormality Probability” (AP)
is then computed at the image level by summing the abnor-
mality scores predicted for all non-overlapping patches. AP
values above zero (or a properly chosen threshold) indicate
the presence of abnormalities at the whole-image level.
Thus, the output of the patch-level V'iT,., model can be used
for both detecting and quantifying abnormalities in maize
fields.

In addition to evaluating ViT model, we tested several
alternative architectures, including ResNet, EfficientNet,
and DenseNet. Among these, ViT consistently achieved the
highest performance in our experiments. Consequently, we
selected ViT to validate the proposed framework, although
other models could be used as well. We have used ViT-
B/16 architecture that is the base Vision Transformer model
which takes images of 224 x 224 spatial resolution and
processes them into 16 x 16 patches and incorporating posi-
tional embeddings, enabling it to effectively learn global
spatial relationships. There are 12 transformer encoder lay-
ers and 12 attention heads and a hidden layer size of 768.
The model leverages multi-headed self-attention mecha-
nisms to capture both local features and high-level semantic
information while preserving spatial relationships. In our
implementation, the standard Vi7-B/16 architecture was
modified by replacing its final fully connected layer with a
convolutional layer. This modification enables the model to
process multiple image patches efficiently in a sliding-win-
dow manner, following the strategy used in OverFeat [59].
Specifically, the convolutional layer was configured with
768 input channels and one output channel, corresponding
to the dimensionality of the ViT-B/16 feature representation
and the scalar abnormality prediction, respectively. A kernel
size of 1 x 1 and a stride of 1 were used, allowing the model
to generate patch-level predictions while preserving the spa-
tial arrangement of the extracted features.

The quality of AP estimates is based on the accuracy and
robustness of the Vi1, patch-level model. The model is
trained using randomly extracted W x W patches from the
training set as detailed in Sect. 4. To improve the perfor-
mance of the VT, patch-level model, we leverage tra-
ditional transfer learning and fine-tuning strategies. Most
importantly, we use a data augmentation strategy based on
RR-UDA as discussed earlier. DL models typically require
large, diverse datasets to generalize effectively. In our
application, training the VT, patch-level model on data
collected from a single field limits its generalization per-
formance due to insufficient and non-representative data.
However, training the VT, patch-level model on a more
comprehensive training set, including data collected from
different fields, improves its generalization performance
both on novel data from the same field or data from different
fields. The key challenge is how to best combine data from
different fields into a “unified” training set. Simply adding
data collected from different fields to a common training
set is not the best strategy. This is because variations in the
data collection process (e.g., different lighting conditions)
and field types (e.g., different soil types) will introduce irrel-
evant information in the training data, hurting training.

To address the challenges of domain variability, we pro-
pose transforming data collected under different maize field
conditions into a shared domain before aggregating them
into a unified training set. Specifically, we introduce a data
augmentation strategy that maps images from various fields
into a shared domain using an ensemble of CycleGAN mod-
els [16]. Assuming that data is collected from » different
fields under varying conditions (e.g., different times, plant
growth stages, or abnormality levels), we train a separate
CycleGAN model for each field i, mapping its data into a
common domain D. In principle, D can be any one of the
n fields. The resulting unified training set is constructed by
aggregating all transformed data in the shared domain D,
allowing the VT, model to be trained on a dataset that
captures realistic, field-specific variations, unlike purely
synthetic augmentation which may lack realism.

Figure 1 (Stage 1) illustrates the proposed augmentation
scheme where y, corresponds to the patch-level prediction.
As new data becomes available, it can be added to the uni-
fied training data set by first adapting them to the shared
domain D using one of the existing CycleGAN model or
by training a new CycleGAN model. The primary motiva-
tion for employing an ensemble of CycleGAN models in
this work is to mitigate domain imbalance issues. Neverthe-
less, it is possible to train a single CycleGAN model using
techniques specifically designed to handle domain imbal-
ance, such as the method proposed in [60]. Figure 1 (Stage
2) illustrates how test images are processed where Y, cor-
responds to the whole-image AP prediction. The main idea
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Fig. 1 The two stages of the proposed methodology. In Stage 1, image
patches from different fields are transformed into a shared domain
D. The domain adapted patches are used to train the ViT4 model
for patch-level detection and quantification of abnormalities. y4 cor-

is adapting test images to the same shared domain D before
estimating the AP value. This can be performed again by
applying one of the existing CycleGAN models or by train-
ing a new CycleGAN model.

CycleGAN is a powerful unpaired image-to-image
translation method; however, alternative variants such as
CUT can also be employed, as discussed in Sect. 2. Cycle-
GAN consists of two generator networks: G, which adapts
images from the source domain X to the target domain Y,
and F, which performs the inverse adaptation from Y to X.

@ Springer

respond to the patch-level predictions. In Stage 2, non-overlapping
patches are extracted from a test image and adapted to the shared
domain D. The AP is then estimated at the whole image level. Y cor-
responds to the whole-image level prediction

Additionally, two discriminator networks, Dy and Dx, are
used to distinguish between real and generated images in
each domain. This bidirectional transformation ensures that
the model captures domain-specific information without the
need for paired training images. CycleGAN is trained using
three primary loss functions: adversarial loss, cycle-con-
sistency loss, and identity loss. The adversarial loss, which
encourages the generator to produce images indistinguish-
able from real ones in the target domain, is defined for the
adaptation of images from X to Y using G as:
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‘CGAN(G, DY, X, Y) = Eprdam(y) [lOgDy (y)]
+ By Pyara () [log(1 — Dy (G(z)))]

Similarly, the adversarial loss function for mapping images
from Y to X using F'is given by:

Loan(F,Dx,X,Y) = Eyup,,,. () logDx ()]
+ By Piara( llog(1 = Dx (F(y)))]

To prevent mode collapse in the forward transformation,
where all images from X might be mapped to a single image
in Y, CycleGAN incorporates a cycle-consistency loss.
This loss ensures that the inverse transformation accurately
reconstructs the original images when mapped back from Y
to X. The corresponding loss function is defined as:

Leye(G F) = Expyyyo( [||F(G(2)) — 2[|1]
+ EynPuara () [|GEF () — y[l1]

To prevent unnecessary modifications to images that already
belong to the target domain, an identity loss is introduced.
This loss ensures that when an image from the target domain
is passed through the generator, it remains unchanged. The
identity loss is formulated as:

‘Cidentity(GvF) = EmNPdata(m)[”F(x) - £U||1]
+ By Paara ) [[1G () — yll1]

Using the individual loss functions above, the total Cycle-
GAN loss function is given by:

L(G,F,Dx,Dy) = Agan(Lcan(G, Dy, X,Y)
+£GAN(F7DX7Y7X))
+ )\cycﬁcyc(G7 F) + )\idﬁidentity(Ga F)

In the rest of the paper, we collectively refer to the com-
bination of cycle-consistency loss and identity loss as the
“reconstruction” loss.

Although domain adaptation can, in general, enhance
the generalization performance of the ViT models, special
attention must be given to only using high-quality adapted
data for training and testing purposes. Specifically, trans-
forming data from one domain X to another domain Y does
not always yield high-quality adapted data, and many times,
undesirable artifacts can be introduced during the domain
adaptation process. Augmenting the training data set with
low-quality adapted data will affect the performance of
the ViT models. Similarly, using poorly adapted data dur-
ing testing will affect accuracy. Therefore, it is important to
filter out poorly adapted data for training and testing pur-
poses; we refer to this idea as selective domain adaptation.
In general, certain domain adaptation transformations are

“easier” to learn than others, and the domain-transformed
images do not suffer from significant artifacts. Different
statistics (e.g., mean, median, standard deviation, and kur-
tosis) of the CycleGAN reconstruction loss can be used to
assess the quality of domain-adapted data. In this work, we
identify poorly domain-adapted data by calculating the Peak
Signal-to-Noise Ratio (PSNR) between the original and
domain-adapted images. Using PSNR scores, we compute
the mean and standard deviation based on the loss values of
the CycleGAN model; outliers can then be removed from
the training and testing processes. We provide additional
details and examples on this issue in Sect. 5.

4 Dataset

We have experimented with a publicly available data
set which contains UAV captured, high resolution RGB
images of maize plants at various growth stages, exhibit-
ing abnormalities due to nutrient deficiencies (e.g., nitro-
gen deficiency) and dryness [18]. The primary assumption
underlying the collection of this dataset is that a high-
altitude flight can first be used to survey the entire field,
identifying potential areas where plants may exhibit abnor-
malities (e.g., using the Normalized Difference Vegetation
Index (NDVI)). The GPS locations of these areas can then
be transmitted to a small-scale UAV as waypoints, enabling
an automated low-altitude flight (less than 15 m) where
high-resolution RGB images can be captured. The images
were captured using Sentera 65R payload, which is capable
of capturing 65MP images with a ground sampling distance
(GSD) of 1.5 mm at 90 feet altitude, and 0.45cm GSD at
the FAA-allowed maximum altitude of 400 feet. This high-
resolution capability enables the capture of clear, detailed,
and motion-blur-free imagery even at operationally safe
altitudes (Fig. 2).

The images were captured at two different fields: Becker
and Waseca, MN. Specifically, the dataset contains corn
plants at different vegetative growth stages: V5, V6, V8,
V10, and V12 where “V” denotes the vegetative stage
and the corresponding number indicates the count of fully
developed leaves [18]. The Becker field dataset includes
plants at the V8 and V12 growth stages with a higher level
of abnormality, whereas the Waseca field includes plants at
the V5, V6, and V10 stages with a lower level of abnormal-
ity. Besides differences in terms of growth stages and abnor-
mality levels, the two fields also differ in terms of soil type
as shown in Fig. 3. Compared to the Waseca field, the plants
in the Becker field have more leaves, which obscure the
background in the Becker images. In contrast, the Waseca
field has fewer leaves, revealing more of the background
along with dead leaves and debris from previous cultivation.
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Fig. 3 Representative patch-level
images from a the normal class,
and b the abnormal class (i.e.,
abnormalities are enclosed by
“red” boxes). Patches on the top
row are from the Waseca field
while patches on the bottom row
are from Becker field
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Additionally, the soil color in the Waseca field differs signif-
icantly from that in the Becker field. Image resolution var-
ies across stages: V6, V8, and V10 images were captured at
4000 x 6000 pixels, V12 images at 6000 x 4000 pixels, and
V5 images at 4000 x 3000 pixels. The original dataset did
not contain any annotations for the abnormalities. We used
Label Studio [61] to manually label abnormal plant leaves
by drawing a rectangular bounding box around each leaf.
Using bounding boxes allows for fast annotation of abnor-
malities but they lack localization accuracy which affects
the precise quantification of abnormalities as discussed
later. Using bounding box also overestimates the amount of
abnormalities of the data.

The dataset contains 61, 64, 44, 64, and 48 images from
the V5, V6, V8, V10, and V12 growth stages, respectively.
To train the V'iT}.4 patch-level model, we extracted random
image patches from 226 of the 281 images (i.e., 50, 51, 36,
51, and 38 from the corresponding growth stages). To test
the performance of the patch-level models, we extracted ran-
dom image patches from the remaining 55 images (i.e., 11,
13, 8, 13, and 10 respectively). Specifically, we randomly
extracted patches of size W x W from both the training
and test images. We chose W = 250 after some experimen-
tation which was not exhaustive by any means. However,
our objective in this study was to demonstrate the feasibil-
ity of the proposed framework rather than fully optimize its
parameters. Patches containing abnormalities (i.e., contain-
ing any portion of a bounding box) were labeled as “abnor-
mal,” while those without containing any abnormalities
(i.e., no portion of a bounding box) were labeled as “nor-
mal”. These normal and abnormal patches were then used to
train and test the V'i7}., patch-level model using a separate
channel for each RGB color. The target values were calcu-
lated by dividing the total area of bounding boxes within a
patch by the patch’s total area. If a bounding box extended
beyond a patch’s boundaries, only the portion within the
patch was considered. As previously noted, bounding boxes
do not precisely localize abnormalities, which can lead to an
overestimation of target values.

Table 1 Number of patch-level images (randomly extracted) from
whole UAV images used for training and testing in the Becker and
Waseca fields

Growth stage

Training set Testing set

Normal Abnormal Normal Abnormal
Becker V8 1124 1200 238 247
VI2 2401 3766 909 967
Total 3525 4966 1147 1214
Waseca V5 660 668 49 45
V6 1302 1355 125 110
V10 1815 1815 211 209
Total 3777 3838 385 364

We randomly selected (x, y) coordinates from the full
images to create 250 x 250 patches for our patch dataset.
A patch was labeled as abnormal if any part of a bound-
ing box annotation was contained in it; otherwise, it was
labeled as normal. The number of generated patches for the
abnormal class was approximately equal to the total number
of bounding boxes present in the images for each growth
stage. A similar approach was followed to extract the nor-
mal class. Table 1 shows the total number of randomly
extracted normal and abnormal patches extracted for train-
ing and testing the V'iT)., patch-level model, categorized by
field and growth stage. It should be noted that in the Becker
field, fewer normal patches were extracted than abnormal
ones due to the higher prevalence of abnormalities in V12
stage images. To maintain class balance during training, we
applied data augmentation to increase the number of nor-
mal patches. Since our objective was to develop a general
purpose framework for abnormality detection and quantifi-
cation independently of growth-stage and field, the VT,
model was trained with patches from different growth stages
and fields as discussed later in Sect. 5. Figure 3 shows some
representative normal and abnormal patches extracted for
this purpose.

As described in the methodology section, the VT,
patch-level model was applied on the whole images, using
a non-overlapping sliding window approach, to compute
the AP values. For this, we used the 55 test images men-
tioned earlier. Since whole images typically capture large
areas (i.e., 110-130 plants on average), labeling an image
as normal or abnormal might not be very useful compared
to labeling a sub-image of the whole image, associated with
a smaller area. Therefore, each test image was divided into
quarters, each containing around 30—40 plants, effectively
quadrupling the size of our test set (i.e., 220 test images).

5 Experimental results and analysis

We have performed a wide range of experiments to evalu-
ate the proposed framework. Initially, we performed base-
line experiments to evaluate the performance of the VT,
model on randomly extracted image patches. At the same
time, we investigated the effectiveness of transfer learn-
ing and fine-tuning by pre-training on datasets less or more
relevant to the domain of our problem. To further improve
the generalization performance of ViT,,, we then consid-
ered how to leverage domain adaptation using ensembles of
CycleGAN models. By visualizing and analyzing the results
from each CycleGAN model, we gained important insights
on how to assess the relative difficulty among different
domain transformations and inferred a strategy to remove
poorly, domain adapted images (i.e., selective adaptation).
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Next, we employed domain adaptation for data augmenta-
tion to further boost the performance of the VT, patch-
level model. The final V'iT;., patch-level model was used
to predict AP for the detection and quantification of abnor-
malities at the whole image level. In all experiments, each
patch-level V4T, model was trained for 200 epochs with a
batch size of 64. The model was optimized using the Adam
optimizer with a learning rate of 1 x 10~* and an L2 regu-
larization coefficient of 0.01. Mean Squared Error (MSE)
was used as the loss function for the regression task. Each
CycleGAN model was trained for 400 epochs with a batch
size of 1, using the Adam optimizer with a learning rate of
1x 1074

5.1 Transfer learning and fine-tuning

Baseline experiments involved training and testing a sepa-
rate V1T, 4 patch-level model for each field using the ran-
domly extracted patches described in Sect. 4. To prevent
overfitting, we allocated 10% of the training data for vali-
dation purposes. This validation set was used not only to
monitor overfitting but also to determine the optimal model
weights that yielded the best performance.

To boost the performance of the ViT,, patch-level
models, we investigated transfer learning, a widely used
approach for training deep learning models across vari-
ous tasks more effectively. Typically, it involves leverag-
ing the pre-trained weights of a model trained on a large
dataset, such as ImageNet, and fine-tuning the weights of
the last layer(s) for the downstream task. Using ImageNet
pre-trained weights followed by fine-tuning, we achieved
an improvement of about 2% for the Becker field, however,
the performance for the Waseca field dropped by about 1%.
We hypothesized that the drop in performance was because
ImageNet contains mostly images outside of the domain of
our application.

To validate our hypothesis, we considered the Plant Vil-
lage dataset [62] for pre-training which contains 54,303
images from 38 classes of healthy and unhealthy plant
leaves. Using Plant Village pre-trained weights followed
by fine-tuning, we achieved an improvement on the Becker
field by approximately 2.75% and an improvement on the
Waseca field by about 3.07%. While it is possible to further
improve these results using much larger, domain-related,
datasets, we did not pursue this issue further as our primary
focus is on exploring the benefits of domain adaptation.
Consequently, we adopted Plant Village pre-training and
fine-tuning to optimize the performance of V41, patch-
level models in all subsequent experiments.
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5.2 Domain adaptation in maize fields

Cross-field experiments have confirmed that when training
a model on data from field X, its performance will typically
drop when tested on data from a different field Y. Domain
adaptation can address this issue by mapping the data from
field Y to the same domain as the data from field X. This
should increase the cross-field performance of the Vi1,
patch-level model since the domain-adapted data from field
Y will look much more similar to the data from field X. In
general, domain adaptation can help to improve both single-
field (i.e., train and test on the same field) and cross-field
(i.e., train and test on different fields) performance. When
data from multiple fields is available, they can be trans-
formed to a shared domain D before training or testing. A
ViT,4 parch-level model can then be trained using data
from multiple fields instead of a single field, as shown in
Fig. 1 (Stage 1).

The ViT,, patch-level model should be expected to
achieve higher accuracy and robustness in this case, as it
will be trained with a much larger and comprehensive
dataset (e.g., containing many “visually” different abnor-
malities and plants at different growth stages). At the same
time, novel images can be analyzed for abnormalities by
first adapting them to the same shared domain “D” in an
effort to improve generalization performance as shown in
Fig. 1 (Stage 2). To be successful, domain adaptation should
preserve information related to the abnormalities present in
each field while “normalizing” irrelevant information (i.e.,
information not related to abnormalities), such as differences
due to lighting conditions and soil type. This will ensure
that the V¢T,., patch-level model will perform consistently
across diverse field types. In this section, we report a num-
ber of domain adaptation experiments between the Becker
and Waseca maize fields using CycleGANSs to validate the
above insights. Each cycleGAN model was trained with
image patches from the corresponding classes and fields.

First, we investigated how the choice of the shared
domain D affects performance. In principle, any of the
maize fields represented in the dataset can be chosen as the
shared domain D; however, it should be expected that some
maize fields might perform better than others. To explore
this issue, we aimed to determine whether converting
image patches from Becker to Waseca (i.e., B2W, assuming
D = W) is more challenging than converting image patches
from Waseca to Becker (i.e., W2B, assuming D = B). For
this, we trained a CycleGAN model for each domain trans-
formation (i.e., B2W and W2B) and analyzed the Cycle-
GAN reconstruction values in each case. Figure 4 shows
the histogram of CycleGAN’s reconstruction loss values
for the normal and abnormal classes for the B2W and W2B
transformations.
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Fig. 4 Histogram of the CycleGAN reconstruction loss values in the case of the abnormal class for a B2W b W2B and normal class for ¢ B2W

and d W2B

Table 2 Statistics computed from the reconstruction loss histograms of
the B2W and W2B domain adaptations for the normal and abnormal
classes

B2W W2B B2W W2B

abnormal abnormal normal normal
Mean 0.64 0.90 0.69 0.71
Median 0.59 0.84 0.65 0.65
Std 0.12 0.17 0.18 0.20
Skewness 4.02 1.79 4.77 4.75
Kurtosis 31.99 6.32 35.21 38.87

Table 2 summarizes some key statistics obtained by fit-
ting a skewed Gaussian distribution to each histogram. As
observed, the histograms and statistics for the normal class
are highly similar between B2W and W2B, suggesting that
both transformations present a comparable level of dif-
ficulty. However, for the abnormal class, the distributions
differ significantly, indicating varying degrees of difficulty
between the two transformations. In particular, the skew-
ness and kurtosis values for B2W are substantially higher at
4.02 and 31.99 respectively than those for W2B which are
1.79 and 6.32. We speculate that these statistical differences
could serve as indicators of the “difficulty” of domain adap-
tation transformations in a broader context, although further

validation is required. The increased difficulty for the abnor-
mal class may stem from its greater variability, as abnormal-
ities in the Waseca field differ markedly from those in the
Becker field (see Fig. 3). Given that more challenging trans-
formations result in poorly adapted images (see Fig. 11), an
optimal shared domain D could potentially be selected by
favoring transformations that are easier to learn. Additional
insights on this issue are provided in Sect. 5.3.

To further evaluate the model’s domain adaptation per-
formance, we created several visualizations to examine how
well the domain-adapted images are distributed within the
shared domain D. Specifically, we visualized the original
source and target domain images, along with the domain-
adapted images, using t-SNE visualization [63]. Figure 5
illustrates the t-SNE visualizations for the B2W and W2B
domain adaptations. For these visualizations, we ran-
domly selected 300 image patches (half from each field)
and transformed the Becker image patches to the Waseca
field and the Waseca image patches to the Becker field. The
visualizations show that the domain-adapted images fall
nicely within the shared domain D in each case. Interest-
ingly, a few domain-adapted image patches remain within
the source domain cluster. We hypothesize that this occurs
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Fig. 5 t-SNE visualization of original and domain adapted image
patches using a D = W, and b D = B. In a, we can observe that the
B2W domain adapted image patches (red) are closer distributed to the
Waseca image patches (blue) than the original Becker image patches

due to inherent similarities between Becker and Waseca
field images. As observed, some source Waseca images
naturally overlap with Becker images and vice versa. This
overlap likely leads the CycleGAN model to generate cer-
tain domain-adapted images that remain within the same
neighborhood as the source domain. Maximum Mean Dis-
crepancy (MMD) was also computed to further evaluate the
quality of the domain adaptation. MMD measures the dis-
crepancy between two distributions, where a lower value
indicates that the adapted image distribution is closer to the
target-domain distribution. In this experiment, the MMD
scores for the B2W and W2B adaptations were 0.04 and
0.01, respectively. These results suggest that both adapted
distributions are closely aligned with their corresponding
target domains. The lower MMD score for W2B indicates
that the W2B adapted images are more closely matched to
the Becker domain than the B2W adapted images are to the
Waseca domain. Overall, the relatively small MMD val-
ues provide additional evidence that the adaptation process
was effective in reducing the distribution gap between the
source-adapted and target-domain images.

5.3 Data augmentation using selective domain
adaptation

In this section, we present additional experiments to evalu-
ate the benefits of selective domain adaptation for data
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(b)

(green). In b, we can observe that the W2B domain-adapted image
patches (red) are closer distributed to the Becker image patches (green)
than the original Waseca image patches (blue)

Table 3 Same-field and cross-field patch-level quantification perfor-
mance using original and selective domain-adapted data for data aug-
mentation

Trained on Train Valid Test MSE/ Test MSE/
MSE MSE NMSE NMSE
(Becker) (Waseca)
Becker 7.80 8.28 9.84/0.55 2.58 /0.71
Becker+W2B 6.68 5.87 8.00/0.54 2.13/0.87
Waseca 11.08 10.49 17.46/0.97 8.32/1.52
Waseca + B2W 11.11 9.80 9.01/0.50 1.97/0.57
Waseca + Becker 6.27 5.93 8.21/0.57 3.12/0.90

augmentation. Specifically, we conducted experiments to
quantify the extent of abnormality in each patch and to eval-
uate how domain adaptation-based augmentation improves
performance. To ensure a fair comparison, we used the same
source-domain test sets across all experiments. To objec-
tively evaluate cross-field performance where the amount
of abnormality might vary, we also report Normalized MSE
(NMSE) scores (i.e., MSE scores divided by the variance of
the ground-truth values).

The results of these experiments are summarized in
Table 3. Initially, we trained a separate V'iT,., model for
each field using only the respective patch-level images from
each domain. Using MSE and NMSE scores as performance
metrics, the same-field performance on the Becker field was
9.84/0.55, while that on the Waseca field was 8.32/1.52. Next,
we introduced data augmentation based on selective domain
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adaptation in both fields. For the Becker field, the training
set was expanded to include both original Becker data and
selective domain-adapted Waseca data. When training the
ViT,4 patch-level model with the augmented dataset, the
MSE/NMSE scores dropped to 8.00/0.54. In the case of the
Waseca field, there was an even higher drop of MSE/NMSE
scores to 1.97/0.57. We also noticed cross-field performance
improvements. For comparative evaluation, we additionally
trained a model using a direct data aggregation strategy in
which the Becker and Waseca images were merged with-
out adapting these images to a shared domain. Under this
setting, the model achieved test errors of 8.21/0.57 on the
Becker field and 3.12/0.90 on the Waseca field. Although
this approach yielded an improvement over training exclu-
sively on Becker data for the Becker field, the performance
remained inferior to that obtained using selectively domain-
adapted data. Moreover, for the Waseca field, this strategy
resulted in a substantial degradation in performance.

Figure 6 provides a visual comparison between the pre-
dicted abnormality scores produced by the proposed model
and the corresponding patch-level ground truth abnormality
values for representative test images. In Fig. 6a, the pre-
dicted score for the abnormal region is close to the ground
truth value, indicating that the model can identify abnormal-
ity even when it is partially occluded by leaves. Figure 6b
shows a normal image with a ground truth abnormality
value of zero, for which the model predicts a low score
of 0.04. This small deviation is expected, as exact agree-
ment is difficult in a regression-based setting. In Fig. 6¢c, the
model incorrectly interprets the plant tassel as an abnormal
region, resulting in an overestimated prediction. Similarly,
Fig. 6d shows another case where the model overestimates
the abnormality score. Overall, these examples demonstrate
both the ability of the model to approximate abnormality
severity and some of its limitations in visually ambiguous
cases.

Ground Truth: 0.00
Predicted: 0.04

Ground Truth: 0.35
Predicted: 0.24

5.4 Abnormality quantification in whole images

In this section, we focus on quantification of abnormalities
in whole images using the methodology described in Sect. 3
and illustrated in Fig. 1. The generation of the test images
used in these experiments are detailed in Sect. 4. For each
test image, we assess the presence of abnormalities by esti-
mating its AP value using the VT, patch-level model. To
enhance the visualization of our results, test images have
been arranged in ascending order based on their ground
truth AP values (i.e., images on the left correspond to lower
AP values, while those on the right represent higher AP val-
ues). Figure 7a and c present the predicted AP values (in
blue) alongside the ground truth values (in black) for the
Becker and Waseca fields, when the same field is used for
both training and testing, without any data augmentation.
As shown, the model tends to overestimate AP values for
images with lower levels of abnormality and underestimate
them for images with higher levels of abnormality.

Applying data augmentation leads to improved pre-
dictions in both fields, as illustrated in Fig. 7b and d. It is
important to note the difference in scale between the Becker
and Waseca plots. In practice, the level of abnormality in the
Waseca field is significantly lower than that in the Becker
field, which makes the Waseca predictions appear more
variable or noisy. For a more objective comparison, Table 4
presents the Mean Squared Error (MSE) and Normalized
MSE (NMSE) values for each case. Interestingly, despite
the apparent visual noise, the NMSE for the Waseca field is
much lower (0.0002/0.0002) than that for the Becker field
(0.0074/0.0073) in same-field evaluations.

Cross-field performance is illustrated in Fig. 8a and c.
Similar to the same-field experiments, the predicted AP val-
ues tend to be overestimated for images with lower levels
of abnormality and underestimated for those with higher
levels of abnormality. Applying data augmentation leads to
improved predictions in both fields, as illustrated in Fig. 8b,

Ground Truth: 0.00
Predicted: 0.38

Ground Truth: 0.28
Predicted: 0.60

>

(d)

Fig. 6 Visual comparison of the proposed model’s predictions with the corresponding ground-truth abnormality scores for representative test

images
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Fig. 7 Same-field, AP-based whole-image predictions: a trained with-
out data augmentation on Becker field, b trained with data augmenta-
tion on Becker field (e.g., Beckert+W2B data), ¢ trained without data
augmentation on Waseca field, and d trained with data augmentation
on Waseca field (e.g., Waseca+B2W data). Test images have been

e Ground Truth
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arranged in increasing order with respect to the ground truth AP val-
ues. Ground truth AP values are shown in “black” while predicted AP
values are shown in “blue”. The “red” crosses indicate the test images
misclassified. AP values have been scaled in the range [0,100]

e Ground Truth

Table 4 Same-field and cross- Test Acc (%) Test MSE/NMSE Test Acc (%) Test MSE/NMSE
field, AP—based whqle—image (Becker) (Becker) (Waseca) (Waseca)
g:ﬁ‘lﬁgiﬁz rf‘c“edu‘i‘i‘r?gttl}?gitr‘i‘;nal Becker 100% 0.0001/0.0074 93.91% 1.9¢-07/0.0002
test images Becker+W2B 100% 0.0001/0.0073 94.59% 1.2¢-07/0.0001
Waseca 98.61% 0.0003/0.015 97.97% 1.8¢—07/0.0002
Waseca+B2W 98.61% 9.9¢-05/0.005 97.97% 1.6e-07/0.0002

d and further supported by the Mean Squared Error (MSE)
and Normalized MSE (NMSE) values reported in Table 4.
The Waseca predictions appear more noisy again, primar-
ily because a different scale is used to visualize the results,
reflecting the lower level of abnormality present in the
Waseca field. It is worth noting, however, that the Normal-
ized Mean Squared Error (NMSE) decreased by more than
50% (i.e., from 0.015 to 0.005) when training on Waseca
and testing on Becker.
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In addition to their role in abnormality quantification, AP
values can also be used for abnormality detection, as non-
zero values indicate the presence of abnormalities. To eval-
uate this potential, we conducted additional experiments
assessing the effectiveness of AP-based detection. In our
method, the smallest AP value among the abnormal training
samples was used as a threshold, denoted T7,. A test image
was classified as abnormal if its AP value exceeded T}, and
as normal otherwise. Misclassified test images are marked
with a red cross in Figs. 7 and 8. Data augmentation had
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Fig. 8 Cross-field, AP-based whole-image predictions: a trained
without data augmentation on Waseca field and tested on the Becker
field, b trained with data augmentation on the Waseca field (e.g.,
Wasecat+B2W data) and tested on the Becker field, ¢ trained without
data augmentation on Becker field and tested on the Waseca field, and
d trained with data augmentation on Becker field (e.g., Becker+W2B

e Ground Truth

no impact on detection accuracy in same-field experiments.
In cross-field experiments, it improved detection accuracy
from 93.91 to 94.59% when training on the Becker field and
testing on Waseca. When training on Waseca and testing on
Becker, the detection accuracy remained unchanged; how-
ever, the NMSE was reduced by more than 50%, as previ-
ously noted.

5.5 Abnormality quantification in domain-adapted
whole images

In the previous section, we examined the effectiveness of
domain adaptation for data augmentation in detecting and
quantifying abnormalities at the whole-image level. Here,
we shift our focus to Stage 2 of the proposed approach, as
illustrated in Fig. 1. The objective of this stage is to further

1 11 21 31 41 51 61 71 81 91 101 111 121 131 141

e Prediction X Misclassification

(d)

data) and tested on the Waseca field. Test images have been arranged
in increasing order with respect to the ground truth AP values. Ground
truth AP values are shown in “black” while predicted AP values are
shown in “blue”. The “red” crosses indicate the test images misclassi-
fied. AP values have been scaled in the range [0,100]

@ Ground Truth

enhance generalization performance by aligning test images
with the same shared domain D as the training data. Accord-
ingly, all experiments presented in this section are conducted
under cross-domain scenarios, where the training and test
domains are different. Moreover, domain adaptation-based
data augmentation is applied across all experiments reported
in this section.

To assess the quality of domain adaptation on the test
images, we computed histograms of the reconstruction loss,
as shown in Fig. 9. When comparing these histograms with
those for the training images in Fig. 4, it is evident that the
domain-adapted test images exhibit lower quality than the
domain-adapted training images. This discrepancy impacts
the accuracy of abnormality quantification, as discussed
later in this section, and highlights the importance of further
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Fig. 9 Histogram of the CycleGAN reconstruction loss values on the test dataset in the case of the abnormal class for a B2W b W2B and normal

class for ¢ B2W and d W2B

improving the generalization performance of the domain
adaptation process.

Figure 10b and d present the predicted AP values for
domain-adapted test images, along with the corresponding
ground truth values, for the B2W and W2B transformations.
For ease of comparison, the predictions using the original,
non-adapted test images are also shown in Fig. 10b and d.
As can be observed, the model tends to overestimate the
level of abnormality in the Waseca field when using the
W2B data and underestimate the level of abnormality in
the Becker field when using the B2W data. Once again, the
difference in scale between the Becker and Waseca fields
should be taken into account when interpreting these results.

Table 5 compares the detection and quantification per-
formance between the original and domain-adapted test
images. As observed, quantification performance slightly
degrades when adapting the test images to the common
domain D. Specifically, when testing on the Waseca field,
the NMSE increased from 0.0001 to 0.001; for the Becker
field, it increased from 0.005 to 0.017. We attribute this
degradation to the lower quality of the domain-adapted test
images. Although we attempted to mitigate this issue by
removing poorly adapted test image patches using selective
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adaptation, the resulting AP values were unreliable due
to the removal of, on average, nearly 10% of patches per
test image. Evaluating the model on the complete test set,
including challenging and poorly adapted samples, provides
a more realistic assessment of the framework’s robustness
and generalization performance.

On the other hand, detection accuracy improved, increas-
ing from 94.59 to 100% when adapting Waseca test images
to the Becker domain (the shared domain), and from 98.61
to 100% when adapting Becker test images to the Waseca
domain. This suggests that detection accuracy is less sensi-
tive to the quality of domain-adapted test images, as it relies
solely on thresholding the AP scores rather than the preci-
sion of patch-level quantification.

5.6 Ablation studies

5.6.1 Abnormality quantification models

To select the downstream abnormality quantification model,
we compared four representative deep learning architec-

tures: ResNet-50, DenseNet-121, EfficientNet-B0, and
VIiT. Tables 6 and 7 summarize their patch-level regression
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Fig. 10 Cross-field, AP-based domain-adapted whole-image predic-
tions: a trained with Waseca+B2W data and tested on Becker data,
b trained with Waseca+B2W data and tested on B2W data, ¢ trained
with Becker+W2B data and tested on Waseca data, and d trained with
Becker+W2B data and tested on W2B data. Test images have been
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Table 5 Cross-field, AP-based whole-image detection and quantifica-
tion performance using the domain-adapted test images
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arranged in increasing order with respect to the ground truth AP val-
ues. Ground truth AP values are shown in “black” while predicted AP
values are shown in “blue”. The “red" crosses indicate the test images
misclassified. AP values have been scaled in the range [0,100]

e Ground Truth

Table 7 Patch-level abnormality quantification performance of differ-
ent downstream models when trained on the Waseca field and evalu-

Trained on Test Acc  Test MSE/ Test Acc  Test MSE/ ated under same-field and cross-field settings
(%) NMSE (%) NMSE Train MSE ~ Valid MSE  Test MSE  Test MSE
(W2B) (W2B) (Waseca) (Waseca) (Waseca)  (Becker)
BeckertW2B  100% 6.9¢—07/0.001 94.59%  1.2e—07/ ResNet-50 12.85 14.17 10.02 18.15
0.0001 DenseNet-121  11.40 12.96 9.91 17.78
(Becker)  (Becker) B2W)  (B2W) EfficientNet-BO 11.76 10.93 9.77 17.25
Wasecat+tB2W 98.61%  9.9¢—05/0.005 100% 0.0003/0.017 ViT 11.08 10.49 832 17.46

Table 6 Patch-level abnormality quantification performance of differ-
ent downstream models when trained on the Becker field and evalu-
ated under same-field and cross-field settings

Train MSE  Valid MSE  Test MSE  Test MSE

(Becker)  (Waseca)
ResNet-50 3.47 6.85 11.65 3.84
DenseNet-121  0.75 5.88 10.75 3.60
EfficientNet-BO  0.65 6.38 9.92 3.23
ViT 7.80 8.28 9.84 2.58

performance when trained on the Becker and Waseca fields,
respectively.

‘When trained on the Becker field, ViT achieved the low-
est test MSE on both the Becker and Waseca test sets, with
scores of 9.84 and 2.58, respectively. Although CNN-based
models such as DenseNet-121 and EfficientNet-B0 achieved
lower training and validation errors, their higher test errors
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indicate weaker generalization compared with ViT. This
suggests that ViT was less prone to overfitting and provided
better same-field and cross-field performance in this setting.

A similar trend was observed when training on the
Waseca field. ViT achieved the lowest validation MSE and
the lowest same-field test MSE on Waseca, with values of
10.49 and 8.32, respectively. EfficientNet-BO achieved the
lowest cross-field test MSE on Becker; however, its advan-
tage over ViT was small. Overall, ViT provided the best
balance across validation, same-field testing, and cross-
field testing. Based on these results, we selected ViT as the
default downstream abnormality quantification model in the
proposed framework.

5.6.2 Selective domain adaptation

Since our framework utilizes domain adaptation for data
augmentation (Stage 1), it is crucial to identify and remove
poorly domain-adapted images from the training set of the
detection and quantification models. At the same time, it is
also equally important to exclude poorly domain-adapted test
images (Stage 2) to preserve generalization performance. To
achieve this, a reliable metric is needed to assess the qual-
ity of domain-adapted images. Among different metrics we
considered (see below), the Peak Signal-to-Noise Ratio
(PSNR) between the source and domain-adapted images
has demonstrated satisfactory performance in this regard.
Specifically, we need a metric that quantitatively evaluates
how well an adapted image aligns with the target domain
at the pixel level. PSNR is well-suited for this purpose, as
it not only provides a measure of similarity but also offers
insights into image quality. A higher PSNR score indicates
that domain-adapted images closely resemble the target
distribution with minimal distortions or artifacts, whereas
a lower PSNR score suggests the presence of excessive arti-
facts and deviations.

Specifically, let us assume that there are Ng images I;°
in the source domain, where ¢ = {1,2,..., Ng}, and Nt
images Vj; in the target domain, where j = {1,2,..., Np}
. Given a source domain image I and its domain-adapted
version I} in the target domain, we calculate the PSNR
score between I and a target domain image V; as follows:

PSNRi’j =C- lOglO (

L
\/MSEU?,VJ-))

where L represents the maximum possible pixel value
(L =1 in our experiments, as both domain-adapted and tar-
get images are normalized to the range [0,1]), ¢ is a normal-
izing constant (¢ = 20 was used in our experiments), and
MSE represents the Mean-Squared Error between I} and
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V;. Given a domain-adapted image I}, we compute the
PSNR; ; score between I and each image V; in the target
domain, where j = {1,2,..., N7 }. Repeating this process
for each domain-adapted image I, we then compute the
average PSNR score 4; for each I7, i = {1,2,..., Ng}:

1
[ = Ezfgo(PSNRi,j)

In addition, we compute the overall average PSNR score,
denoted as p, and the standard deviation, o, using all
Ng x NyPSNR; ; scores obtained in the previous step.
A domain-adapted image I is considered to be poorly
adapted if its individual average PSNR score p; fails below
the threshold yx — c* 0. Since a higher PSNR score indi-
cates better translation quality from the source to the target
domain, this process helps to identify images with excessive
distortions or artifacts. In our experiments, we set c = 1. We
refer to this process as selective domain adaptation, which
provides performance improvements, as demonstrated in
the following paragraph and further detailed in Sect. 5.3.
Figure 11 shows some representative examples of poorly
domain-adapted images that were effectively removed from
the training set using the “selective” domain adaptation.
These examples illustrate several issues when transform-
ing images from one field to the other, such as hallucinated
green leaves, soil-like appearances of leaves, and instances
where abnormalities were lost entirely during the conver-
sion process.

To evaluate the effectiveness of selective domain adap-
tation for data augmentation, we conducted abnormality
quantification experiments using the ViT,, patch-level
model. We considered two experimental setups: (i) train-
ing on B+W2B image patches and testing on Becker image
patches, and (ii) training on W+B2W image patches and
testing on Waseca image patches. Training and testing were
performed using the randomly extracted image patches as
described in Sect. 4.

For comparison, these experiments were also repeated
using non-selective domain adaptation. Quantification per-
formance was assessed using Mean Squared Error (MSE).
To explore the potential for filtering out low-quality domain-
adapted images, we evaluated several visual similarity
metrics, including Peak Signal-to-Noise Ratio (PSNR),
Wasserstein distance, and Learned Perceptual Image Patch
Similarity (LPIPS). As shown in Table 8, all selective
domain adaptation methods outperformed the non-selective
approach across both fields. Among the metrics evaluated,
PSNR demonstrated the highest effectiveness, filtering out
approximately 7.2% of low-quality images from W2B adap-
tations and 9.5% from B2W adaptations.
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Fig. 11 Representative examples
of poorly domain-adapted image
patches identified using the PSNR
methodology for a the B2W
transformation and b the W2B
transformation. The top row shows
the original image patches, while
the bottom row presents their
corresponding domain-adapted
versions

Table 8 Performance comparison of different methods for filtering out
poorly domain-adapted image patches
Trained on Becker+W2B, Trained on Waseca+B2W,
tested on Becker tested on Waseca

Selective ~ Non-selective Selective Non-selective
Wasserstein  8.07 8.17 2.02 2.06
LPIPS 8.07 1.96
PSNR 8.00 1.97

“Selective” refers to training the V41,4, model on original and
domain-adapted image patches, while excluding image patches
identified as poorly adapted. “Non-selective” training incorporates
original and all domain-adapted image patches, without filtering.
Quantification performance is assessed using MSE score

5.6.3 Domain adaptation using histogram matching

Motivated by the work of Pandey et al. [50], we com-
pared the proposed domain-adaptation approach based on
CycleGANSs to an alternative domain-adaptation approach
based on histogram matching. Histogram matching (HM)
(or histogram specification), is a widely used technique in
image processing to transform an image to match a specified

Fig. 12 Representative randomly
extracted patches for a Becker field
images are histogram matched
based on Waseca field images, and
b Waseca field images are histo-
gram matched based on Becker
field images. Top row represents
sample abnormal images while the
bottom row provides visualization
for normal images

histogram[64]. In the context of our application, we can
transform images from different fields to match a specified
histogram, which can be considered as a way to map data
from different fields to a shared domain D.

We performed two experiments as before: B2W (i.e.,
D = W) and W2B (i.e., D = B). In the B2W experiment,
we first computed the histogram of an “average” Waseca
image computed by averaging the randomly extracted
image patches from the Waseca field as described in Sect. 4.
We then transformed the randomly extracted image patches
from the Becker to match the “average” histogram from the
Waseca field. In the W2B experiment, we transformed the
randomly extracted image patches from the Waseca to match
the “average” histogram from the Becker field. Following
the methodology described in [50], the RGB image patches
were converted to the LAB color space and then HM was
performed only on the L channel. The results were then con-
verted back to the RGB color space. The augmented images
were incorporated alongside the original images to train the
model. Figure 12 shows some representative domain-adap-
tation examples using HM.
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Table 9 Same-field patch-level quantification performance compari-
son between HM-based and CycleGAN-based domain adaptation

Trained on Train MSE ~ Valid MSE ~ Test MSE
Becker+W2B (HM) 5.53 4.53 8.24
Becker+W2B (CycleGAN) 6.68 5.87 8.00
Waseca+B2W (HM) 8.94 9.15 2.48
Waseca+B2W (CycleGAN) 11.11 9.80 1.97

We used the randomly extracted patches from both the
Becker and Waseca fields as training and test data. Test
images were neither histogram-matched nor adapted using
the CycleGAN model and were used solely to evaluate the
model’s performance within the same field. Table 9 com-
pares the two different domain adaptation approaches, the
first using histogram specification and the second using
CycleGANs. The results show that CycleGAN-based
domain adaptation outperforms the HM-based domain
adaptation both on the Becker and Waseca fields.

6 Conclusions

In this study, we proposed a DL framework for detecting
and quantifying abnormalities in maize fields using UAV-
collected images. Our objective was to develop a general-
purpose framework capable of effectively handling varying
field conditions, including different growth stages, soil
types, and lighting conditions. To address the challenges
of limited training data for learning large DL models and
ensuring generalization to new data, we leveraged domain
adaptation. Specifically, we introduced a methodology to
transform data from different fields into a shared domain,
thereby enhancing the training process and improving gen-
eralization performance when analyzing new data. Addition-
ally, we proposed a selective domain adaptation technique
to filter out poorly adapted data, ensuring the quality of
both training and evaluation phases. We have demonstrated
the feasibility of the proposed approach through exten-
sive experiments and comparisons on two different fields
containing diverse conditions. Our framework can pro-
vide valuable insights to farmers by identifying field areas
requiring closer inspection. Additionally, it facilitates data
annotation by guiding annotators toward specific regions
rather than the entire field, thereby improving the accuracy
and efficiency of image labeling [18].

This work can be improved in several ways. First, we
were unable to identify a more extensive dataset during
this study that included data from multiple fields, which
would have enabled a more comprehensive evaluation and
exploration of additional research questions. Nevertheless,
the dataset used in our experiments captures diverse field
conditions, including varying growth stages, soil types,
and lighting conditions. Despite the absence of multi-field
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data, extensive experiments have demonstrated the feasibil-
ity of the proposed framework. Future work will focus on
validating our approach with larger, more diverse datasets
to further support our findings. Addressing more challeng-
ing domain variations, such as differences in resolution, will
also enhance the framework’s applicability.

Second, while the ViT models used for regression per-
formed well, alternative deep learning models may offer
further improvements. Additionally, incorporating more
advanced transfer learning techniques, such as self-super-
vised pretraining [44], is expected to enhance performance.

Third, using a separate domain adaptation model for each
domain pair is computationally inefficient and complicates
model selection when transforming novel data into the
shared domain D. A more scalable solution could involve
developing a single domain adaptation model capable of
handling transformations across multiple source domains,
for example, using models that can handle domain imbal-
ances [60] or by building an “inverse” StarGAN model [65].
Further research is also needed to determine the optimal
shared domain D, potentially by leveraging insights into the
“difficulty” of adapting images between domains.

Fourth, exploring more advanced domain adaptation
models, such as CycleGAN-Turbo [66] and CUT [48], is a
promising direction. This is especially important in Stage 2
of our approch fr improving the generaliztion performance
of domain adaptation.

Fifth, preserving semantic information during adapta-
tion requires further attention. While patch-based domain
adaptation methods, like ours, have demonstrated that they
preserve semantic information [48, 56], incorporating task-
specific semantic constraints [13] into the loss function
could further improve structural and contextual integrity.
Refining our methodology for identifying poorly domain-
adapted images is also a key area for future research. We
believe that a more effective method to identify poorly
domain-adapted image patches will significantly benefit
both Stages of the proposed methodology.

Finally, we are interested in extending our framework
beyond agriculture, particularly to medical imaging, where
domain adaptation could significantly improve model gen-
eralization across different imaging sources and conditions.
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