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Abstract—Precision irrigation depends on accurate crop water
stress estimation, often using the Crop Water Stress Index
(CWSI). Reliable CWSI estimation requires precise measurement
of sunlit-leaf canopy temperature. Prior work introduced the
Crop Irrigation Web Agent (CIWA) for convolutional neural
network (CNN)-based sunlit-leaf segmentation and CWSI es-
timation in pistachio trees, focusing on sparse canopies. We
extend CIWA to dense tomato canopies, where occlusion, re-
duced visual contrast, thermal leakage, residual RGB-thermal
misregistration, and viewpoint effects make estimation more
challenging. We introduce TMSL21, an annotated RGB-thermal
dataset for tomato sunlit-leaf segmentation, compare CNN and
Vision Transformer architectures, and propose a CWSI pipeline
with Gaussian Mixture Model (GMM)-based filtering for outlier
suppression. We also analyze imaging viewpoint effects, derive
a tomato-specific CWSI baseline, and update CIWA for tomato
imagery. Results show that reliable CWSI estimation depends
on segmentation quality, thermal noise structure, and imaging
geometry. Overall, the study generalizes CIWA toward a robust
framework for dense canopies.

1. INTRODUCTION

VER the next three decades, the global population
is projected to increase by over 25%, resulting in a
significant rise in demand for agricultural products [1], [2].
Most of these products depend on freshwater from surface and
groundwater sources [3]. However, freshwater constitutes only
a small fraction of total water resources and is becoming in-
creasingly scarce in many regions as a result of climate change
and overuse [4], [5], [6]. Effective freshwater management
is therefore critical for a sustainable future, with precision
irrigation playing a key role in optimizing water use [7].
A key component of many precision irrigation strategies is
the Crop Water Stress Index (CWSI). This index quantifies
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plant water stress based on environmental factors and sunlit-
leaf canopy temperature (7.), providing an estimate of the
relative transpiration rate of a crop [8]. Accurate T, measure-
ments are therefore essential. A critical methodological con-
sideration is whether to measure sunlit or shaded foliage. For
irrigation purposes, T, should be estimated from sunlit leaves,
as these tend to exhibit water stress earlier and more strongly
than non-sunlit leaves [9], [10]. However, direct collection of
canopy temperature measurements at the individual-plant level
is demanding for growers, requiring reliable instrumentation,
standardized measurement procedures, and crop-specific base-
lines. In the context of thermal image analysis, the reliable
isolation of sunlit leaves remains a major challenge. Manual
identification of such regions is labor-intensive, difficult to
scale, and prone to human error. Automated and accurate
sunlit-leaf segmentation is therefore important not only for
irrigation optimization, but also for broader applications such
as microclimate modeling, physiological process analysis, and
plant-disease monitoring [11], [12], [13].

Recent progress in this direction was established by the
original Crop Irrigation Web Agent (CIWA) framework, which
introduced supervised CNN-based sunlit-leaf segmentation
for pistachio trees and integrated it into an expert system
for CWSI estimation [14]. That work showed that seg-
mentation precision is particularly important for downstream
physiological estimation, since false positives may introduce
shaded leaves, fruit, soil, sky, or other artifacts into canopy-
temperature calculation. At the same time, the previous study
focused primarily on pistachio imagery, where canopy struc-
ture is relatively sparse and image acquisition is typically
performed from below. As already noted in that work, ex-
tending the framework to other crops such as tomato raises
new challenges because smaller crops are commonly imaged
from above, leading to different visible distributions of sunlit
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leaves and different error modes in downstream temperature
estimation [14].

Tomato canopies provide a particularly challenging and
revealing testbed exhibiting dense foliage, frequent occlusion,
reduced visual contrast between sunlit and shaded leaves, and
stronger exposure to background elements such as soil, in
contrast with tree-based canopies. These factors make pixel-
level segmentation more difficult and can distort downstream
thermal analysis. This observation points to a broader lim-
itation of existing approaches: segmentation is often treated
as the end goal, rather than as one stage in a larger es-
timation pipeline whose final objective is reliable CWSI
measurement. In practice, relatively small segmentation or
residual RGB—thermal misregistration can induce heavy-tailed
temperature distributions through thermal leakage, boundary
contamination, or misclassified background pixels, while the
imaging viewpoint can further reshape those distributions and
bias crop-stress estimation.

In this paper, we extend CIWA from a segmentation-
centered framework to a more robust end-to-end pipeline
for dense tomato canopies. Our central claim is that reliable
CWSI estimation is not determined solely by segmentation
accuracy, but by the interaction between segmentation behav-
ior, thermal noise structure, and imaging geometry. To study
this problem, we introduce TMSL21, a co-registered RGB—
thermal dataset for tomato sunlit-leaf segmentation; compare
two convolutional neural networks (CNNs) and four Vision
Transformer (ViT) architectures under dense-canopy condi-
tions; and propose a Gaussian Mixture Model (GMM)-based
likelihood filtering step to suppress influential thermal outliers
before canopy-temperature aggregation. We further analyze
the effect of top-view and side-view imaging on sunlit-leaf
thermal distributions, derive a tomato-specific baseline for
CWSI estimation, and extend the CIWA framework to support
tomato imagery and pipeline-level evaluation.

Taken together, these contributions shift the focus from
isolated segmentation performance to pipeline robustness for
downstream physiological estimation. Our results indicate that
segmentation-stage evaluation alone is insufficient for under-
standing downstream CWSI reliability, and that robust post-
processing together with viewpoint-aware calibration is neces-
sary for deployment in dense tomato canopies. In this sense,
the present study should be understood not simply as a tomato-
specific extension of CIWA, but as a step toward a more
general and robust framework for thermal crop monitoring and
crop water stress estimation.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work in crop water stress estimation
and semantic segmentation for agricultural imagery. Section I1I
introduces the TMSL21 dataset, including acquisition, anno-
tation protocol, and dataset statistics. Section IV describes the
proposed methodology, covering the extended CIWA pipeline,
segmentation architectures, training configuration, evaluation
metrics, and the proposed GMM-based outlier removal and
viewpoint analysis. Section V presents the experimental results
and discussion, including quantitative model comparisons,
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thermal robustness analysis, and imaging viewpoint effects.
Finally, Section VI concludes the study and outlines directions
for future work.

II. RELATED WORK
A. Crop Water Stress Index (CWSI)

The Crop Water Stress Index (CWSI), originally introduced
by Jackson et al. [8] and Idso [15], provides a quantitative
measure of plant water status based on canopy temperature.
The index is derived from the relationship between the canopy-
air temperature differential (7, — 7,) and atmospheric vapor
pressure deficit (VPD). Under non-stressed conditions, transpi-
ration induces evaporative cooling, resulting in lower canopy
temperatures. In contrast, water-stressed plants exhibit reduced
transpiration and consequently higher canopy temperatures.

To normalize this relationship across varying environmen-
tal conditions, two baselines are required: the non-water-
stressed baseline (NWSB), representing the lower bound of
(T, — Ty) for well-watered plants, and the upper baseline
(UL), corresponding to fully stressed conditions with minimal
transpiration. The lower baseline is denoted as LL in this
work and corresponds to the NWSB in prior literature. These
baselines allow the calculation of a dimensionless index [15]:

(Tc - Ta) - (Tz‘ - Ta)LL
(Tc - Ta)UL - (T(‘ - Ta)LL
where 7. denotes canopy temperature, 7, air temperature,
(T. — T,) L1 the lower baseline, and (T, — Ty,)yr, the upper
baseline. The resulting CWSI ranges from 0 (no water stress)
to 1 (maximum water stress).

This formulation made CWSI largely environment-
independent and established it as a standard tool for irrigation
management [16]. Later work showed that reliable estimation
depends critically on accurate 7, measurement, which can be
improved by combining RGB imagery with thermal infrared
data and by accounting for spatial variability within the
canopy [9]. Gardner et al. further emphasized that infrared
thermometry for irrigation should focus on sunlit leaves, as
these respond to water stress earlier and more strongly than
shaded foliage [10].

CWSI = (1

B. Sunlit-Leaf Segmentation

Accurate extraction of canopy temperature values (7;.) from
sunlit leaves requires separating them from shaded foliage and
background elements. Since manual annotation is impracti-
cal at scale, early computational approaches relied on color
thresholding and Gaussian Mixture Model (GMM) refinement.
For example, Wang et al. used a two-step process to isolate
sunlit foliage from visible-spectrum imagery, but performance
degraded under variable illumination and complex canopy
conditions [17].

Advancements were made by Pantelidakis et al. [14], who
introduced the first strictly supervised CNN-based framework
for sunlit-leaf segmentation and integrated it into the Crop Irri-
gation Web Agent (CIWA) for pistachio-tree CWSI estimation.
That study showed that CNN-based segmentation substantially
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outperformed the earlier GMM-based approach, particularly
in precision, which is crucial because false positives can
contaminate canopy-temperature estimates with shaded leaves,
sky, soil, or other non-sunlit regions [14]. However, that
framework was evaluated primarily on pistachio trees, whose
relatively sparse canopy structure differs substantially from
dense tomato canopies.

C. Deep Learning Architectures for Agricultural Segmentation

Semantic segmentation has advanced significantly with deep
neural networks. Convolutional neural networks (CNNSs) re-
main widely used because of their strong ability to capture
localized spatial features and fine-grained boundaries, which
are important for identifying sunlit-leaf regions. In the context
of CIWA, architectures such as FRRN-A and FC-DenseNet103
demonstrated strong performance on pistachio imagery [14].
More recently, Vision Transformer (ViT) architectures have
emerged as competitive alternatives in segmentation tasks
due to their ability to model long-range dependencies and
global contextual information. However, their potential for
sunlit-leaf segmentation in agricultural imagery remains un-
derexplored. Beyond segmentation-focused applications, ML
has shown strong performance in plant classification tasks.
For example, a recent study reported 96.61% accuracy using
KNN for plant species classification [18]. Deep learning has
also shown strong predictive performance in environmental
forecasting tasks, with Arzov et al. demonstrating that LSTM-
based models outperforming ARIMA by incorporating pol-
lution and meteorological data [19]. These findings further
support the importance of environmental variables in robust
CWSI estimation and the potential of data-driven approaches
for crop-specific modeling.

D. Research Gap

Despite progress in sunlit-leaf segmentation, several limi-
tations remain. First, prior supervised approaches have been
validated mainly on tree crops with relatively sparse canopy
structure, leaving open the question of generalization to dense
crops such as tomato. Second, most existing approaches focus
on segmentation quality as the primary endpoint, rather than on
the robustness of downstream canopy-temperature and CWSI
estimation. Third, prior pipelines rarely incorporate explicit
filtering of extreme thermal values caused by segmentation
errors, boundary contamination, or background leakage, even
though such artifacts can bias downstream CWSI calculation.
Finally, few studies have examined Vision Transformer (ViT)
architectures for sunlit-leaf segmentation in agricultural im-
agery, particularly in dense canopy settings. The limitations
mentioned above motivate the present study, which extends
CIWA to dense tomato canopies through a comparison of
CNN and ViT architectures, a revised annotated RGB-thermal
tomato dataset, and an outlier-aware pipeline for robust down-
stream CWSI estimation.

III. TMSL21 DATASET

We release TMSL21, to the best of our knowledge the first
annotated RGB—thermal dataset for tomato sunlit-leaf seman-

tic segmentation, publicly available at www.apanagopoulos.
com/ciwa. The dataset was developed to support precise
canopy temperature extraction for Crop Water Stress Index
(CWS]) estimation using co-registered RGB and thermal im-
agery. TMSL21 contains 710 samples, each consisting of a
synchronously captured and spatially aligned triplet:

o a504x286 visible-spectrum RGB image of tomato plant,

e a 80x60 FLIR AXS8 thermal image with embedded
infrared channels and calibrated metadata, and

e a 504x286 binary mask labeling each pixel as either
sunlit leaf or non-sunlit leaf.

RGB and thermal frames were acquired simultaneously using
a FLIR AXS8 camera, supporting pixel-level correspondence
between modalities. The binary masks were generated through
a semi-assisted annotation process described next.

A. Dataset Acquisition

The dataset was collected during the summer of 2021 in
the San Joaquin Valley, California, USA, under clear-sky
conditions around midday in order to minimize illumination
variability. The FLIR AX8 camera was mounted for ground-
based imaging at a fixed working distance, providing a native
thermal ground sampling distance (GSD) of approximately
1.5 mm/pixel. Environmental metadata, including air tempera-
ture and relative humidity, were recorded using nearby weather
stations. Camera-to-plant distance was manually measured and
kept constant throughout acquisition, while crop emissivity
and reflected background temperature were experimentally
estimated following FLIR guidelines; all remaining parameters
were kept at FLIR AX8 default settings [20]. To enable pixel-
level alignment with RGB images, the native 80x60 thermal
frames were upscaled to 504 x286 using bilinear interpolation.

B. Dataset Annotation

Each RGB image was manually annotated by trained experts
to produce a binary semantic mask labeling pixels as either
sunlit leaf or non-sunlit leaf. To improve efficiency and an-
notation consistency, unsupervised clustering techniques were
used as a preprocessing aid. In particular, an adapted version
of the open-source annotation tool Pynovisao, previously used
in [14] and originally introduced by Dos Santos et al. [21], was
employed to support the identification of sunlit-leaf regions.
The tool groups pixels with similar visual characteristics,
helping annotators distinguish sunlit foliage from shaded
leaves and background elements through a click-to-select
workflow. The adapted version was extended including support
for Python 3.12, improved ground-truth generation through
the combination of SLIC-based superpixels with thermal in-
formation, and annotation guidelines to support consistent
labeling. The latest version of the Pynovisao tool is publicly
available at https://github.com/bkur808/Sunlit-leaf-annotator.
Finally, all generated masks underwent quality assurance
through an automated overlay procedure in which each mask
was superimposed on its corresponding RGB image for visual
verification.
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TABLE I

SUMMARY STATISTICS OF THE TMSL21 DATASET
Property Value
Total samples 710
RGB resolution 504 x 286 px
Thermal resolution (native) 80 x 60 px
Thermal resolution (upsampled) 504 x 286 px
Thermal GSD ~1.5 mm/pixel
Annotation type Binary
Acquisition method Ground-based imaging
Environmental conditions Clear-sky
Capture time window Approximately midday
Imaging device FLIR AXS

Training samples
Validation samples
Test samples

497 images (70%)
142 images (20%)
71 images (10%)

C. Dataset Statistics and Samples

The main statistical properties of TMSL21, including sam-
ple distribution and imaging specifications, are summarized in
Table I. Representative samples are shown in Figure 1, where
(a) presents RGB imagery, (b) thermal imagery, and (c) the
corresponding binary mask.

D. Dataset Validation and Correction

During post-processing and visual inspection of
temperature-mapped overlays, we identified inconsistencies
in a subset of samples in which duplicated visible-spectrum
images had been paired with different thermal frames,
resulting in invalid temperature-to-pixel correspondences. To
ensure dataset integrity, all RGB-thermal pairings were re-
verified. In total, 98 affected samples (approximately 12% of
the original dataset) were excluded from the final release. All
experiments reported in this study were conducted exclusively
on the filtered and verified dataset. By combining high-quality
imagery, verified RGB—thermal pairings, and environmental
metadata, TMSL21 provides a robust foundation for research
on CWSI estimation, sunlit-leaf temperature analysis, and
precision irrigation.

IV. METHODOLOGY
A. Expanded CIWA Pipeline for Tomato Processing

Building upon the original CIWA framework [14], which
was designed for tree-based crops using CNN-based segmen-
tation, we introduce an expanded methodology tailored to
dense-canopy crops such as tomato. The proposed pipeline
extends CIWA in three directions. First, we compare multi-
ple segmentation architectures, including convolutional neural
networks and Vision Transformer-based models, to assess
their suitability under dense foliage conditions. Second, we
incorporate a probabilistic outlier-suppression step based on
Gaussian mixture modeling (GMM) in order to reduce the
impact of extreme thermal artifacts on canopy temperature
estimation. Third, we examine the effect of imaging viewpoint
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on the thermal distribution of predicted sunlit-leaf pixels and
its downstream implications for CWSI estimation. The overall
pipeline is illustrated in Figure 2.

B. Thermal-RGB Alignment for Temperature Extraction

The TMSL21 dataset provides co-registered RGB and ther-
mal imagery, supporting pixel-level correspondence between
visual features and temperature values. This alignment is
critical for CWSI estimation, since false positives in sunlit-
leaf segmentation may introduce non-sunlit regions into the
canopy-temperature calculation.

Sunlit-leaf segmentation is first performed on RGB images,
and the resulting masks are mapped onto aligned thermal
frames to extract the corresponding temperature values. The
canopy temperature is then computed as the mean temperature
over the predicted sunlit-leaf region.

Although all RGB-thermal pairings were verified, residual
local misalignment was frequently observed, likely due to
sensor geometry, thermal upsampling, parallax, and canopy
depth variation. As a result, visually correct sunlit-leaf masks
may overlap neighboring thermal pixels from soil, shaded
foliage, or canopy boundaries, contributing to heavy-tailed
temperature distributions.

To improve robustness against these effects, a GMM-based
likelihood filtering step is subsequently applied to remove
extreme thermal outliers before aggregation, thereby reducing
the influence of segmentation errors, boundary artifacts, and
misalignment-induced thermal artifacts.

C. Segmentation Architectures

The architectures evaluated in this study represent two
main families of modern segmentation approaches: convo-
lutional neural networks (CNNs) and Vision Transformers
(ViTs). CNN-based models, including FRRN-A [22] and FC-
DenseNet103 [23], were selected due to their demonstrated
effectiveness in canopy segmentation, particularly in prior
pistachio-based CIWA studies [14].

Vision Transformer-based models were included to assess
the impact of global self-attention mechanisms on dense
agricultural imagery. These include SegFormer [24] and
Mask2Former [25], both of which have achieved strong
performance on large-scale benchmarks such as Cityscapes
and ADE20K [26], [27]. SegFormer employs a hierarchi-
cal transformer encoder with a lightweight decoder, while
Mask2Former uses a Swin Transformer backbone with a mask-
classification framework for pixel-level prediction.

In addition, we include foundation-model baselines to assess
transferability to agricultural sunlit-leaf segmentation. The
Segment Anything Model (SAM) [28] is a promptable seg-
mentation model trained on large-scale heterogeneous datasets
and is used here without task-specific fine-tuning to assess
generalization to sunlit-leaf regions. DINOv3 [29] is included
as a self-supervised vision transformer to evaluate the useful-
ness of learned visual representations in a low-data agricultural
setting.
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(b) Thermal Image

(c) Binary Mask

Fig. 1. Dataset Samples
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The evaluation metrics used in this study are defined in
Section IV-E, and corresponding experimental results and
comparative analysis across all models are presented in Sec-
tion V-A.

D. Training Configuration

Experiments were conducted using four NVIDIA RTX
6000 GPUs (49 GB VRAM each) with CUDA 12.8. The
models were implemented in PyTorch and trained with data
parallelism across GPUs for a maximum of 100 epochs, using
a total batch size of 16 images (4 images per GPU). A fixed
random seed (42) was used to improve reproducibility.

The TMSL21 dataset was randomly partitioned into training
(497 images), validation (142 images), and test (71 images)
subsets. All models were trained using a pixel-wise softmax
cross-entropy loss between per-label activations (logits) and
ground-truth labels. Optimization was performed using Root
Mean Square Propagation (RMSProp) with a learning rate of
0.0001 and a decay factor of 0.995. The validation set was
used to monitor generalization and implement early stopping
in order to reduce the risk of overfitting [30]. Whenever
validation loss improved, model weights were saved as a
checkpoint. Otherwise, a patience-based early-stopping crite-
rion was applied, terminating training when validation loss
failed to improve for seven consecutive validation rounds. The
checkpoint achieving the lowest validation loss was subse-
quently used for evaluation on the test set.

E. Segmentation Evaluation Metrics

The performance of each approach was evaluated using ac-
curacy, precision, recall, F1 score, and mean Intersection-over-
Union (IoU). Among these, precision is the priority metric,

Canopy
temperature CWSI CWSI
. Measurement
calculation

()
Fig. 2. Expanded CIWA pipeline for tomato processing and CWSI estimation (adapted from [14]).

as it quantifies the reliability of predicted sunlit-leaf pixels
and directly influences the accuracy of canopy temperature
(T,) and Crop Water Stress Index (CWSI) estimation. IoU
is not sufficient as a standalone metric in this context, since
it assigns equal weight to false positives and false negatives,
whereas CWSI computation is more sensitive to false positives
that introduce non-sunlit pixels into 7, estimation, resulting
in systematic underestimation of plant stress. Recall captures
segmentation coverage but has reduced impact on bias, as
missed sunlit regions primarily affect sample size rather than
introducing significant temperature distortion. Accuracy and
F1 score are reported for completeness:

Accuracy = TP+TN
WY = TP Y TNy FP+ FN
Precision — TP
recision = TP+ FP
TP
Recall = ————
T TPTFN
2 - Precision - Recall
F1 =
Score Precision + Recall
1 TP TN
M IoU = -
can ol =5 <TP+FP+FN + TN+FP+FN>

F. Handling High-Temperature Outliers in Sunlit Leaves

The thermal distribution of tomato sunlit leaves reported in
Figure 3a exhibits a right-skewed tail, which can inflate canopy
temperature 7. when computed as the average of predicted
sunlit pixels. Consequently, this effect can propagate to the
Crop Water Stress Index (CWSI) and lead to overestimation of
plant stress. By contrast, the thermal distribution of pistachio

389



390

sunlit leaves, obtained using PTSL21 [14], in Figure 3c
exhibits a left-skewed (cold) tail, highlighting crop-dependent
differences in thermal artifact structure.

Spatial analysis of the corresponding overlays reveals that
these extreme values are not uniformly distributed across the
canopy. In tomato imagery, as shown in Figure 3b, high-
temperature outliers (65-70 °C) are concentrated along canopy
boundaries and in sparsely covered regions, forming irregular
edge-aligned patterns. In pistachio imagery, pictured in Figure
3d, cold outliers (approaching -40°C) are localized near the
upper canopy edges, where the foliage interfaces with the sky,
appearing as fragmented bands along the canopy boundary.

These spatial patterns suggest that the dominant source of
extreme values in both cases is not physiological variation
alone, but a combination of segmentation error, boundary
contamination, and residual RGB-thermal misregistration. In
tomato images, the boundary-concentrated hot pixels are con-
sistent with bare-soil contamination, where highly heated soil
is misclassified as sunlit foliage. In pistachio images, the
presence of extremely low temperatures near canopy tops
indicates sky pixels leaking into the leaf mask. The structured,
boundary-driven nature of these artifacts distinguishes them
from true physiological signals, which are expected to occur
within the canopy interior, and from sensor noise, which is
typically more spatially diffuse.

Before applying any outlier-removal strategy, it is important
to distinguish between different sources of extreme values.
First, elevated temperatures may reflect genuine physiological
stress in sunlit leaves and therefore carry meaningful informa-
tion for CWSI estimation. Removing such values indiscrimi-
nately could lead to underestimation of plant stress. Second,
segmentation artifacts such as soil, branches, or fruit can
introduce artificial temperature tails, particularly near image
boundaries. Third, thermal sensor noise and measurement
uncertainty, including reflective effects and emissivity mis-
match [31], can also inflate values. These issues are especially
important in field infrared measurements, where unaccounted
background radiation may introduce systematic bias of 1-3°C
[32]. Finally, residual RGB-thermal misregistration can also
contribute to heavy-tailed temperature distributions by shift-
ing predicted canopy-boundary pixels onto thermally distinct
regions such as soil, sky, or shaded foliage. This underscores
the need for selective outlier handling strategies that account
for spatial context, rather than relying on global filtering
approaches that may remove physiologically meaningful tem-
perature extremes.

G. Implementation of a GMM-Based Method for Outlier Re-
moval

To address sensitivity to extreme values in the sunlit-
leaf temperature distribution, we introduce a probabilistic
outlier-removal strategy based on a Gaussian Mixture Model

PROCEEDINGS OF THE FEDCSIS. RIGA, LATVIA, 2026

1750 4

1500 A

1250 A

1000 A

Frequency

750 1

500 A

2501 J
0

30 40 50 60 70
Temp (°C)

(a) Tomato sunlit T¢. distribution

8000 -

7000 A

6000

5000 A

4000 1

Frequency

3000 A

2000 A

1000

40 30 20 -10 0 10 20 30
Temp (°C)
(¢) Pistachio sunlit T, distribution

~\N\ ™
(d) Pistachio thermal mapping

Fig. 3. Sunlit-leaf T¢ distributions and corresponding thermal mappings.
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Fig. 4. Illustration of GMM-based outlier removal for sunlit-leaf temperatures.

(GMM)':
2
p(a) =Y mN (|, 07) 2
k=1
where 7, are mixing coefficients such that Zi:l T, = 1,
and N(-) denotes a Gaussian distribution with mean py and
variance o7.

Unlike fixed-threshold methods, which assume unimodal
behavior, the proposed GMM allows each image-specific tem-
perature distribution to be represented as a mixture of two
components, capturing both typical sunlit-leaf temperatures
and extreme thermal responses. The model is fit independently
for each image to account for differences in illumination,
canopy structure, and segmentation quality.

Outlier detection is performed using a likelihood-based
criterion. For each pixel z;, its likelihood under the fitted
mixture is computed as

() = p(a;).
Pixels are classified as outliers if
€(xl) <T,

where 7 is defined as the 1st percentile of the likelihood distri-
bution for that image. This criterion identifies low-likelihood
tail observations while preserving the main structure of the
distribution, including high-temperature values that remain

IThis should not be confused with the earlier GMM-based segmentation
benchmark considered in [14].

(c) RGB side-view image (d) Thermal side-view image

Fig. 5. Example of paired multi-view imaging for the same tomato plant.

consistent with valid sunlit-leaf thermal responses. The results
are reported and discussed in Section V-B

H. Impact of Imaging Viewpoint on Sunlit-Leaf Thermal Dis-
tribution

To examine the effect of acquisition geometry, we consider
a paired multi-view imaging setup. In dense tomato canopies,
viewpoint affects the proportion of visible sunlit and shaded
leaves, as well as the degree of exposure to background
elements such as soil and sky. These factors can systematically
alter the thermal distribution of predicted sunlit-leaf pixels and,
in turn, bias downstream CWSI estimation.

We therefore capture tomato RGB—thermal image pairs from
two viewpoints:

o Top-view: the camera is positioned above the canopy.
« Side-view: the camera is positioned laterally at canopy
height.

All images were acquired on the same day under consistent
environmental conditions (clear sky and approximately mid-
day). This paired setup enables direct comparison of thermal
distributions across viewpoints for the same plant instance.
Figure 5 illustrates the experimental setup. Each image is
processed using the CIWA pipeline: sunlit-leaf segmentation
is first performed on the RGB image, and the resulting mask is
then mapped onto the aligned thermal image to extract pixel-
wise temperature values corresponding to the predicted sunlit
region.

The resulting pixel samples are aggregated by viewpoint
(top-view and side-view) to form two empirical distributions
representing sunlit-leaf temperature under different acquisition
geometries. From these distributions, descriptive statistics in-
cluding mean, median, standard deviation, skewness, kurtosis,
and percentile values are computed. In addition, kernel density
estimation (KDE) is used to obtain a continuous approximation
of each distribution for visual comparison of their behavior.
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This methodology serves as the basis for the viewpoint com-
parison presented in Section V-C.

V. RESULTS AND DISCUSSION

We present quantitative and qualitative comparisons of
CNN- and ViT-based segmentation models on the TMSL21
dataset, followed by an analysis of CWSI-related temperature
estimation with GMM-based outlier removal.

A. Model Comparison

Table II summarizes the performance of CNN and Vision
Transformer (ViT) models on the TMSL21 tomato sunlit-leaf
segmentation dataset. Overall, all architectures achieved sim-
ilar accuracy, ranging from 0.8100 (DINOv3) to 0.8387 (FC-
DenseNet103). However, the models differ more substantially
in precision, recall, F1 score, and IoU, which are more relevant
for downstream Crop Water Stress Index (CWSI) estimation.

The CNN-based models FRRN-A and FC-DenseNet103
achieved the highest precision scores, 0.7317 and 0.7311
respectively, indicating stronger resistance to false positives
and therefore reduced contamination of canopy temperature
estimates. Their recall values, however, remain relatively low
(0.4522 and 0.4585), suggesting that they follow a conserva-
tive prediction strategy that prioritizes reliability over cover-
age. Compared with prior CIWA results on pistachio crops
[14], where FRRN-A and FC-DenseNet103 reached precision
values of 0.700 and 0.655 with recall up to 0.510, the tomato
setting yields comparable or slightly improved precision but
reduced recall, reflecting the increased difficulty posed by
dense and highly occluded tomato canopies.

Among the ViT-based models, SegFormer exhibits the most
balanced profile, with precision of 0.7018 and the highest
recall (0.5024), F1 score (0.5856), and IoU (0.6159). This sug-
gests that transformer-based global context modeling improves
the detection of sunlit leaves in dense tomato canopies, where
local texture alone is often insufficient. The gain in recall with-
out a substantial loss in precision indicates that SegFormer is
better able to resolve ambiguous canopy regions, making it the
strongest model overall in terms of segmentation completeness
and spatial agreement. Mask2Former shows behavior closer to
the CNN-based models, with relatively high precision (0.7244)
but more limited recall (0.4619), resulting in only marginal
improvements over the CNN baselines. In contrast, DINOv3
and SAM exhibit consistently weaker performance across all
metrics, with precision no higher than 0.6504, recall no higher
than 0.3593, and IoU of 0.5456. These results suggest that
general-purpose or self-supervised foundation models do not
transfer effectively to this fine-grained agricultural segmenta-
tion task without stronger domain adaptation.

Figure 6 further illustrates model performance through
confusion matrices, highlighting the distribution of correctly
and incorrectly classified pixels for the sunlit and non-sunlit
classes. Figure 7 provides representative visual examples of
the predicted masks, allowing qualitative comparison of model
behavior relative to the visible-spectrum image, ground-truth
label, and overlay.
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B. GMM-Based Outlier Removal Results

A consistent issue observed across experiments is insta-
bility in sunlit-leaf canopy temperature distributions, primar-
ily caused by extreme thermal values introduced by seg-
mentation noise, boundary leakage, soil contamination, and
residual RGB—thermal misregistration. Although these pixels
are sparse, they can substantially affect mean 7, because
of the heavy-tailed distributions shown earlier in Figure 3a.
Applying GMM-based filtering stabilizes the thermal signal
by removing statistically inconsistent pixels while preserving
coherent sunlit-leaf regions. The proposed trimming proce-
dure yielded highly consistent and low-magnitude removal
across the dataset. On average, 1.50% + 0.01% of sunlit
pixels per image were identified as outliers. As illustrated in
Figure 4, the method removes low-likelihood tail observations
while preserving the overall distribution. Importantly, high-
temperature pixels are not removed indiscriminately, but are
retained when they form coherent components. The spatial
overlay further shows that most removed pixels occur near
canopy boundaries, where thermal bleeding from soil is more
likely. The resulting filtered temperature values are then used
for canopy-temperature estimation and downstream CWSI
computation. Qualitatively, this step suppresses isolated high-
and low-temperature outliers, which are typically concentrated
near canopy boundaries, while preserving coherent sunlit-
leaf regions that are more likely to represent valid thermal
responses.

C. Experimental Results of Imaging Viewpoint Comparison

To quantify the effect of imaging viewpoint, we analyze top-
view and side-view sunlit-leaf temperatures as two empirical
distributions and compare their descriptive statistics, with
particular emphasis on variance and tail behavior, as these
are directly relevant to downstream CWSI aggregation. Kernel
density estimation (KDE) is used for visualization of the
overall distribution structure and does not affect the statistical
computations.

Figure 8 shows the corresponding KDE curves. The top-
view distribution is wider and exhibits a pronounced right
tail, consistent with contamination from non-leaf regions and
boundary leakage. In contrast, the side-view distribution re-
mains tightly concentrated around 24-27°C, with minimal tail
mass. This heavy-tailed behavior further motivates the need for
explicit upper-tail constraints in downstream CWSI calibration
and baseline estimation.

The statistical descriptors reported in Table III show that the
top-view configuration yields a higher mean canopy temper-
ature (28.02°C) than the side-view configuration (24.98°C),
indicating an upward bias caused by preferential sampling of
upper-canopy surfaces directly exposed to solar radiation. By
contrast, side-view imaging captures a larger proportion of
shaded or partially shaded leaves.

This structural difference is reinforced by the dispersion
statistics. Top-view distributions exhibit substantially greater
variability (standard deviation of 7.65°C) than side-view distri-
butions (2.31°C), indicating a broader and more heterogeneous
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TABLE IT

TOMATO LEAF SEGMENTATION RESULTS

Architecture Accuracy Precision Recall F1 Score IoU
FRRN-A (CNN) 0.8379 0.7317 0.4522 0.5590 0.6036
FC-DenseNet103 (CNN) 0.8387 0.7311 0.4585 0.5636 0.6062
SegFormer (ViT) 0.8385 0.7018 0.5024 0.5856 0.6159
Mask2Former (ViT) 0.8378 0.7244 0.4619 0.5641 0.6058
DINOv3 (ViT) 0.8100 0.6504 0.3546 0.4589 0.5456
SAM (ViT) 0.8144 0.6104 0.3593 0.4523 0.5456
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Fig. 6. Confusion matrices (number and percentages of pixels)
TABLE III
ToP VS SIDE IMAGING VIEWPOINT STATISTICS (IN °C)
Viewpoint Mean Median Std Skewness  Kurtosis P5 P95 IQR N Pixels
Top 28.01896 25.90768 7.64908 2.42705 5.42565 21.85497 49.76307 4.06436 700920
Side 24.97923 24.84630 2.30573 0.03914 5.53345 22.52055 28.55015 2.03520 362905
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(b) Ground Truth Label
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(d) FRRN-A Prediction

(e) FC-DenseNet103 Prediction

(f) SegFormer Prediction

(g) Mask2Former Prediction (h) DinoV3

Fig. 7. Representative segmentation results on tomato canopy images across multiple architectures.
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Fig. 8. Kernel density estimation (KDE) of sunlit-leaf temperature distribu-
tions for top-view and side-view imagery.

thermal profile. This is consistent with the fact that top-view
imagery is more likely to include a mixture of strongly sunlit
leaves, partially shaded foliage, and thermally contaminated
boundary regions.

The contrast is even more pronounced in the upper tail of
the distributions. The 95th percentile of the top-view distribu-
tion reaches approximately 49.76°C, whereas the side-view
distribution remains bounded near 28.55°C. This suggests
that extreme thermal responses are predominantly captured
in the top-view configuration. Such behavior is consistent
with canopy geometry and with the increased probability of
observing both true sunlit hotspots and contaminated pixels
arising from soil reflection, segmentation leakage, or residual
RGB-thermal misregistration.

Importantly, this difference is not simply a uniform shift
of the entire distribution. The top-view distribution has strong
positive skewness (2.43), whereas the side-view distribution is
nearly symmetric (0.04). This indicates that the divergence is
driven primarily by upper-tail amplification rather than by a
global temperature offset.

D. Tomato-Specific Baseline for CWSI Calculation

The work of [15] showed that plots of the foliage-air
temperature differential (7, —7,) against vapor pressure deficit

(VPD) yield an approximately linear relationship for plants
transpiring at the potential rate during most of the daylight
period. This relationship underlies the construction of an
environment-normalized CWSI model. In subsequent work,
[16] reported corresponding baseline relationships for multiple
crop species. One such baseline example is reproduced in
Figure 9a.

Following this line of research, we developed a tomato-
specific CWSI model for incorporation into CIWA. To do so,
we constructed a T, — T, versus VPD plot from the thermal
data in TMSL21 and applied linear regression to estimate
the best-fitting lower baseline. In the CWSI formulation, this
regression directly defines the lower baseline term (7.—713) 1.,
which represents the expected temperature difference under
non-water-stressed (i.e., fully transpiring) conditions. Specifi-
cally, the fitted relationship provides an empirical estimate of
the form

(Tc_Ta)LL =a+b-VPD.

Before regression, we applied an upper-temperature con-
straint of 38°C in order to exclude extreme heat values that are
unlikely to represent transpiring sunlit-leaf conditions when
estimating the lower baseline (7. — Ty)rr. This calibra-
tion step is distinct from the GMM-based filtering used to
reduce segmentation-related thermal artifacts during canopy
temperature estimation. The 38°C cutoff is supported by the
distributional analysis in Figure 8, where the KDE curves show
a clear separation between the dominant temperature mode
(roughly 24-30°C) and a sparse upper tail extending beyond
40°C. For the purpose of baseline estimation, these tail values
are treated as inconsistent with the bulk transpiring canopy
distribution and are more plausibly attributed to contamination
effects than to valid leaf temperatures.

Attempts to fit a baseline directly on the unprocessed data,
without excluding the upper tail, produced a positive slope and
therefore an implausible physiological relationship between
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T. — T, and VPD.2 After applying the upper-temperature
constraint, the regression yielded a physiologically plausible
baseline, as shown in Figure 9c. The tomato-specific CWSI
model used in the CIWA web tool was derived from this
fitted line, resulting in an estimated slope of —1.1666 and
an intercept of 0.1817.

VI. CONCLUSIONS AND FUTURE WORK

This work extends the Crop Irrigation Web Agent (CIWA)
framework to dense tomato canopies for sunlit-leaf segmen-
tation and Crop Water Stress Index (CWSI) estimation. We
introduced TMSL21, an annotated RGB—thermal dataset for
tomato sunlit-leaf segmentation, and used it to compare CNN-

2For a minimally stressed, fully transpiring plant, the relationship between
Te — T, and VPD should have a negative slope, as illustrated in Figure 9a.
As VPD increases, enhanced transpirational cooling reduces leaf temperature,
causing T. — Tg to decrease.

based and Vision Transformer (ViT)-based models in a dense-
canopy setting.

Our results show that reliable CWSI estimation is not
determined solely by segmentation accuracy, but by the inter-
action between segmentation behavior, thermal noise structure,
and imaging geometry. Under the standard pipeline, CNN-
based models remain the most reliable standalone methods
because their higher precision reduces false positives that
would otherwise bias canopy temperature. However, when the
proposed GMM-based outlier filtering and viewpoint-aware
baseline calibration are incorporated, SegFormer emerges as
a strong and well-balanced candidate within the full pipeline.

The proposed pipeline further improves robustness by
suppressing influential thermal outliers and by accounting
for viewpoint-dependent differences in sunlit-leaf tempera-
ture distributions. In addition, we derived a tomato-specific
CWSI baseline, improving physiological relevance under crop-
specific conditions.

Overall, the study advances CIWA toward a more robust
end-to-end framework for thermal crop monitoring and CWSI
estimation in dense agricultural canopies. Future work will fo-
cus on multimodal RGB—thermal models, improved geometric
calibration and registration, broader cross-crop validation, and
evaluation under real field conditions.

Data Availability

The dataset TMSL21 and the Crop Irrigation Web Agent
(CIWA) tool can be found at (www.apanagopoulos.com/ciwa)
and https://github.com/AIISLab/ciwa_webapp, respectively.
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