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The engineering integration of the Crop Disease & Insect Classification, the thermal screening using CWSI (Crop Water Stress
Index), GRACE Terrestrial Water Storage Anomalies (TWSA) and Soil Moisture models to produce a single integrated mobile
application on approximately $400 worth of drone and sensor equipment has been completed. This research project focuses
on demonstrating engineering integration and does not evaluate the effectiveness of this technology as it relates to its ability
to be used in agricultural applications. The Crop-Disease Classifier and Insect Classifier were both trained on 578,340 images
representing 311 different types of crops and 1,359,384 images representing 515 different species of insects. These Classifiers
resulted in accuracies of 95.5% and 83.3%, respectively when tested internally on a single run. When the Crop-Disease classifier
was tested externally in a single session using data from 500 real-world samples, it had an accuracy rate of 93.8% (95%
Confidence Interval: 91.3%-95.7%). Similarly, the insect classifier was tested externally in a single session using data from 451
real-world samples and resulted in an accuracy rate of 90.2% (95% Confidence Interval: 87.1%-92.7%). The thermal screens
developed as part of this project are currently not validated against any biological or physical “ground truth” and therefore
represent an uncalibrated proxy until further studies can validate them. The GRACE TWSA component showed a strong positive
correlation with actual values when temporally rerunning the data under safe conditions (r = .902), however due to the fact that
it did not perform better than a simple persistence baseline, the results obtained during this phase of development are considered
preliminary. As noted above, a leakage-safe offline rerun of the soil moisture sensor successfully met all predetermined
performance criteria (Bias, Mean Absolute Error, Root-Mean-Squared-Error and upper bound of Root-Mean-Squared-Error)
and demonstrated a minimum correlation coefficient (r > .70). Therefore, while the soil moisture model provided the most
compelling evidence of model validity, the controller that integrates these signals into the Water Agent’s risk context labels
continues to use fixed seed demonstration inference instead of relying upon real-time observation inputs. Additionally, although
the rule-based water agent was able to provide deterministic responses based upon input parameters, it was only evaluated for its
deterministic response characteristics and parameter sensitivities, and not its agricultural relevance.

Keywords: precision agriculture, crop stress, plant disease classification, pest identification, thermal imaging, Crop Wa-
ter Stress Index, terrestrial-water-storage-anomaly forecasting, soil-moisture prediction, drone-based sensing, TensorFlow Lite,
decision support

Introduction

Acre Intelligence was created to evaluate if a variety of differ-
ent sensor and predictive elements could be used together as
part of a single mobile workflow. As such its contributions
have been related to software integration versus providing
valid diagnoses or interventions. In addition to having access
to compiled images, evidence for Acre Intelligence has also
included using an uncalibrated thermal proxy and evaluating
hydrological development within four sub-regions in Califor-
nia and Michigan. Additionally the approximately $400 that
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is estimated as the cost for developing the Acre Intelligence
prototype hardware represents only the cost for hardware, it
does not include other costs associated with using the system
including the cost of the phone(s), connectivity, hosting, main-
tenance, replacement parts and labor; nor do these estimates
account for potential future commercial or subscription-based
offerings. All evaluated elements in the Acre Intelligence ap-
plication have been incorporated.

Literature Context

The peer-reviewed primary literature establishes the bounds
of the evidence for each application area within this proto-
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type. Leaf image studies, which are controlled, show that
deep learning approaches can provide very accurate predic-
tions when given large amounts of data. Studies at the field,
aerial and lesion level (which were conducted in the field) ex-
amine issues associated with backgrounds, acquisition and do-
main shift effects ', Studies using thermal cameras calibrate
canopy temperatures to ground based or physiological mea-
sures (as opposed to treating an un-calibrated index as a di-
agnosis)®10, Soils studies focus on native scale observations
(e.g., cm vs. m), temporal structures (i.e., how soil moisture
changes over time) and independent validation methods =13,
Hydrologic studies are focused on separating components, es-
tablishing baselines and quantifying uncertainties related to
hydrology 1920, This body of work provided the basis for de-
veloping reporting and claim boundaries for this prototype; no
study validates its accuracy, safety or potential value-added
benefits in the field.

Methods

Cloud Backend hosting cost no money at all, as all services
were hosted under the free plan on render.com

Thermal Stress Mapping

The thermal stress mapping system uses an MLX90640
infrared array sensor (24x32 pixels, 768 total readings)
mounted on a Raspberry Pi 4, paired with the drone’s RGB
camera. The sensor streams temperature readings over 12C at
a refresh rate of 2 Hz, with each frame processed in real time.
For each pixel (i,j) in the thermal frame, a leaf-air temperature
delta is computed as:

AT(i,j) = Eeaf(hj) — Tair

A simplified, CWSI-inspired stress index is then calculated
as:

AT (i, j)

opt,max — Tair

CWSI(i, j) =

where Top max 18 a fixed crop-temperature constant used by
the prototype. Unlike the original CWSI, which uses empiri-
cally determined non-water-stressed and non-transpiring base-
lines, the prototype applies the displayed equation directly. To
prevent division by zero or sign inversion when Tyir > Tope max.
a software guard clause binds the denominator to a minimum
threshold of 0.1°C, ensuring mathematical stability in high-
temperature regimes. Per-pixel values are aggregated to a
field-level index using the equation:

1 ..
CWSljieg = ﬁZZCWSI(z, )
i

The thresholds utilized to sort pixels into their respective
exploratory display bins were 0, 0.25 and 0.65. These thresh-
old values were adapted from FAO guidance as initial refer-
ence points but were not derived from crop-specific physio-
logical measurements in this study. These cutoffs have no val-
idated biological meaning in this study and must not be used
for field diagnosis until calibrated against independently mea-
sured plant water status indicators such as leaf water potential
or stomatal conductance. Therefore, they should not be used
for diagnostic purposes until each has been specifically cali-
brated for use in diagnosing drought conditions in each of the
crop types studied and/or protocols utilized. Each pixel was
sorted into one of four categories: actively transpiring (CWSI
< 0), healthy (0 < CWSI < 0.25), mild stress (0.25 < CWSI
< 0.65) and severe stress (CWSI > 0.65). Spatial associa-
tions of stress throughout the thermal field can also be assessed
through the utilization of Moran’s 12!, which computes the au-
tocorrelation among the per-pixel CWSI values at every time
point as a fast statistical filter to distinguish nonrandom spatial
patterns from background noise:

N XX, wij(CWSI; — CWSI)(CWSI; — CWSI)
W Y, (CWSI; — CWSI)2

1

Moran’s I takes into account spatial adjacency weights w;;
(i.e., how close together pixel i and pixel j are) so it can quan-
tify if an area with higher CWSI values are clustered or spread
out, while a p-value is used to determine if this is statistically
significant from random chance. The prototype uses a very
strict definition for flagging frames for stress-zone rendering
- statistical significance (p < 0.05). In contrast, the absolute
value of Moran’s I has no biological basis for defining the ex-
tent of physiological stress in plants. Therefore, the choice
of p = 0.05 is not related to any labeled physiological stress
zones within the images taken, nor is the biological signifi-
cance of the resulting clusters understood at present. Within
flagged regions, boundaries between stressed and healthy ar-
eas are identified using a discrete Laplacian operator:

(T*K)(i,j) =YY T(i+m,j+n)-K(m,n)

computed as the second-order spatial derivative of the tem-
perature field:

VAT (i, j) =
T+ 1, )+T3G—1,)+T3Ej+1)+T3E,j—1)—4T(i,j)
Pixels where |V2T| exceeds a fixed threshold are marked

as boundary pixels and rendered as an overlay on the thermal
heat map to indicate the spatial extent of detected clustering
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Figure. 1 Drone-mounted thermal sensing platform.

regions. A fixed display value (threshold) of 2.0°C was cho-
sen as the Laplacian Threshold a priori for visualization pur-
poses to clearly separate distinct spatial areas of interest, as
opposed to a physiologically meaningful boundary. The en-
tire system from data collection, through CWSI inspired clas-
sification to Moran’s I spatial autocorrelation analysis using
an associated p-value test, then to producing a real-time heat
map overlay within the app via Laplacian Boundary Display
is performed on device without utilizing outside cloud-based
services or network connectivity.

Plant Disease Classification & Insect Classification

Research Design

Disease and insect classification used comparative model de-
velopment. Disease candidates included logistic regression,
SVM, MobileNetV2, ResNet50, and a custom CNN; insect
candidates included KNN, random forest, VGG16, Efficient-
Net, and a transfer-learning CNN. Custom CNN variants were
selected for their accuracy-efficiency tradeoff.

Sample & Data Collection

No humans or animals were involved in this study. The plant
disease dataset comprised 578,340 images and 311 disease
categories, obtained from 2 Kaggle collections — “New Plant
Diseases Dataset” at https://www.kaggle.com/dat
asets/vipoooool/new—-plant-diseases—dat
aset and “Plant Disease Dataset,” also available on Kag-
gle (https://www.kaggle.com/datasets/emma
rex/plantdisease), along with images scraped using

Cost: $400

Cost: $30

an additional python-based scripting tool. Each class had be-
tween 1,659 to 2,109 images. The insect classification dataset
contained 1,359,384 images categorized into 515 different in-
sect species and came from 2 Kaggle collections — “Insects
Dataset” at https://www.kaggle.com/datasets/
ismail703/insects and “Dangerous Insects Dataset” at
https://www.kaggle.com/datasets/tarundal
al/dangerous—-insects—-dataset — and was fur-
ther enhanced through images scraped using the PkSu image
scraping technique. Each class contained between 1,659 to
2,679 images.

Duplicate images (exact and near duplicate) were deleted
before each dataset was separated into training and testing
partitions. Since all images of a particular type of plant or in-
sect existed in only one partition, the partitions were separated
based on specimens, eliminating potential cross-partition in-
formation flow. The approximate ratios of train to test for both
datasets were approximately 4.06 to 1 (disease) and 4.01 to 1
(insect). It is recommended that the individual rights and re-
strictions associated with all components of these datasets be
evaluated separately prior to utilizing the datasets in research
or distributing any resultant products commercially.

Variables and Measurements

Model architecture was the independent variable. The primary
outcomes (for both models) were cross-entropy loss and held-
out accuracy. Top-5 insect classification accuracy was also
recorded. For all classes, precision, recall, and F1 score were
calculated and then summarized using macro and weighted
averages of these scores. The top-5 and bottom-5 performing
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classes by F1 score are reported in the Results section.

Procedures

For both models, the final classification layer applies a soft-
max function to convert raw output scores into class probabil-
ities. For an input x, the probability that x belongs to class k
is given by:

ek
P(y:k|x)=W
]:

where z; is the raw output score (logit) for class k, K is the
total number of classes (311 for the disease model, 515 for the
insect model), and j indexes over all classes. The predicted
class is the one with the highest resulting probability.

Class imbalance across the 515 insect species was opera-
tionalized through a class-weighted cross-entropy loss:

515

L,(0) ==Y wiyclog($r)
k=1

where 6 represents the model’s parameters, y; is the true
label for class k, and ¥y is the predicted probability for the class
k from the softmax output above. The weight is computed as:

N
T KN

Wk

The impact of class weights on detection rates for rare
species were evaluated by comparing the per-class precision,
recall, and F1 for the 5 lowest ranked species between the two
training configurations. The results of this comparison can
be found in the Results section. Horizontal flip, rotation up to
430°, and brightness shift +20% are the three transformations
that make up the disease augmentation. Class weights plus
minority oversampling, majorities undersampling, batch nor-
malization and drop-out (probability=0.5) are the four tech-
niques employed during insect training. For inference on mo-
bile devices with minimal latency (measured at .05 — 1.0 sec-
ond), both models have been converted into INT8 TensorFlow
Lite??. These conversions resulted in a model size reduction
of approximately four times their original sizes. To assess
training stability, both models were retrained five times from
scratch using different random seeds; the standard deviation
of test accuracy was 2.3% for the disease model and 2.7% for
the insect model, indicating reasonable stability across initial-
izations.

Participants, Samples, and Study Units

Beginning with study units, samples and participants, there
were no human participants in this research. The GRACE
TWSA model was developed using bounding box files for Cal-
ifornia and Michigan. Those two states were further divided

by the android user interface into California North, Califor-
nia South, Michigan Upper and Michigan Lower request la-
bels. However, those labels do not represent that the GRACE
TWSA model has been trained regionally and independently.

Data Collection and Instruments

The data collection instruments and methods included the
use of GRACE TWSA JPL GRACE/GRACE-FO Mas-
con RL06.3Mv04 CRI liquid-water-equivalent thickness
(Iwe_thickness) on a 0.5 degree grid which represents approx-
imately 3 degrees of an area of the Earth. There are 253 time-
steps in the file provided containing lwe_thickness from 2002
thru 2026. The array size for each of the two states was differ-
ent: California created 20 x 20 arrays while Michigan created
14 x 16 arrays. The outer aligned arrays created a combined
32x36 domain. Additionally, the GRACE TWSA develop-
ment utilized a separate dataset, SoMo.ml vl Layer 1 daily
0-10 cm volumetric soil moisture on its native 0.25 degree
grid.

The primary dependent variables in this research project
were the next GRACE terrestrial-water-storage-anomaly grid
and the next soil-moisture grid. Six prior 32x36 grids com-
posed the input of the GRACE TWSA and five prior 32x32
grids formed the input of the soil-moisture. The outputs were
either continuous grids or interface categories. No subtraction
of other storage components such as soil moisture, snow or
surface water was made by retained code; hence the GRACE
output is reported as TWSA and not as direct measurements
of groundwater storage.

In addition to the retained codes previously mentioned, the
live context of U.S. Geological Survey (USGS) well-depths
was converted to a very minor display bias: i.e., average depth
greater than 120 feet resulted in -0.13, greater than 70 feet re-
sults in -0.07, less than 25 feet resulted in +0.08 and all other
valid depths results in +0.03. Furthermore, soil live context
added +0.025 to the display bias whenever SMAP granules
were present and -0.025 to the display bias when the GRACE
TWSA display bias was at or below -0.08; the resulting value
was then clipped to [-0.12, 0.12] to provide a form of contextu-
alization to the maps being displayed as well as to interpretive
actions taken by the agent.

GRACE TWSA Model Procedure

The supplied GRACE file was opened with xarray, longi-
tude was converted to —180° to 180°, and Iwe_thickness was
clipped to [-100,100] cm liquid-water-equivalent thickness.
California (32—42°N, 124-114°W) and Michigan (41-48°N,
90-82°W) were selected. Their natural 20x20 and 14x16 ar-
rays were outer-aligned by coordinate to a 32x36 domain, cre-
ating padding that the development notebook filled with zero.
No 32 x 32 interpolation was used for this GRACE TWSA
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artifact.
Xclean = clip(nan_to_num(/weickness, 0), — 100, 100)

Xaligned (t) € R32 X360

Overlapping six-step input windows converted each state
sequence into supervised samples:

Xi = [xnxt+17xt+27xt+3>xt+4,xr+5]» Yi = Xt+6

X €R494X6X32X36X1, y 6R494><32><36

The development notebook calculated one global mean and
standard deviation after combining both state series and before
the train/test split. Consequently, test information entered pre-
processing and the resulting development metrics are leakage-
prone.

Udey = mean (X ), Odey = max[std(Xyy ), 10_8]

X* = X_“dev y* _ Y Hdev
=— =

Odev Odev

The 494 overlapping windows were randomly split 80:20
after window generation with random_state=42, producing
395 training and 99 test windows. This development split al-
lowed adjacent overlapping sequences to cross partitions and
is not confirmatory evidence.

CNN-LSTM pipeline: Time Distributed Conv2D (16,3 x
3, ReLU, same) — Time Distributed MaxPool2D (2 x 2) —
Time Distributed Flatten (4608) — LSTM (64)2* — Dense
(1152) — Reshape(32x36).

The saved Keras model contains 1,271,328 trainable param-
eters and was trained for 20 epochs with batch size 8 using
Adam?* (learning rate 0.001), mean-squared-error loss, and
MAE monitoring. Its input shape is (None,6,32,36,1) and out-
put shape is (None,32,36).

n

1
MSE= -} (vi—9)°

ni3

1 & .
MAE = -} |y; — il
i3
1y
Viite
The user had already generated an inference using the
REST Backend that Grace TWSA deployed. Then the An-
droid app would send both the “Region” and “Time”, and

9[+] = 6,—06

receive the “Status”, “Trend”, and “Heatmap” fields from
Grace TWSA. NASA CMR ?>26 and USGS?"?8 supplied dis-
play context only; they did not convert GRACE total-water-
storage anomaly into independently validated groundwater
storage. A review of the Ground Water Predictor Project (re-
tained Ground Water Predictor Android project) confirmed
that this client (java/androidx targeting Android API 34 min
api 24) utilized Retrofit/Gson serialization. The GRACE
TWSA Client will transmit the Region, Time Range, Start
Date, and End Date to the Deployed GRACE TWSA Service,
and render the returned status, trend heat map fields. Although
a pre-built debug APK is retained, there are no device logs or
reproducible performance testing reports; therefore, no claims
can be made regarding the new Android latency or success
rates.

Soil-Moisture Model Procedure

Development utilized 20 annual SoMo.ml v1 Layer 1 NetCDF
data files for the years 2000 — 2019. Data included layer
1, which contains daily volumetric soil moisture at 0-10cm
depth in m*/m? on a native .25 degree grid. For both Cali-
fornia and Michigan, approximately the first 150 time-steps
were extracted from each netcdf file. Non-finite values are as-
signed an arbitrary value of zero. Fields were then casted into
a float32 format. Both California (.25 x .25 degree grid, ap-
prox. 40 x 44 pixels) and Michigan (.25 x .25 degree grid,
approx. 32 x 32 pixels) grids were downsampled using a re-
flect mode, anti-aliasing method to create two new grids that
were also 32 x 32. Using this approach five consecutive daily
frames were trained to predict the next day’s frame creating
training input sizes x = (5800, 5, 32, 32, 1) and output size y
= (5800, 32, 32, 1). The network comprised Conv3D?% lay-
ers with 16 filters (3 x 3 x 3, ReLU, same; 448 parameters),
32 filters (3x3x3, ReLU, same; 13,856 parameters), and one
linear filter (1 x 1 x 1, same; 33 parameters), followed by se-
lection of the final temporal slice. All 14,337 parameters were
trainable. The training process utilizes the Adam optimizer
and mean squared error loss function. It monitors mean abso-
lute error loss during training. Training was conducted over
ten epochs and the batch size was eight. Because the orig-
inal development utilized standardized combined inputs and
created overlapping windows prior to splitting it into a train-
ing/test sample ratio of 80:20, it will be shown here solely as
a training diagnostic tool.

Siv1 = fo(Si—a,-..,Sr)

The floating point 32-bit frozen model was converted to
tensorflow lite format with the TensorSpec as follows (input)
None x 5 x 32 x 32 x 1 and (output) None x 32 x 32 x 1
and the byte size of the artifacts were 60748 bytes. An android
controller provides a static, pre-processed seed number, and
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min/max normalizes the forecasted grid to the range [0,1] in
order to generate an image/heatmap from the forecasted data.
The android controller will not provide any live raster obser-
vations (or download them).

Application Integration and Decision Agent

The system used by GRACE TWSA was utilizing cloud-based
inference, whereas soil moisture was using on-device, fixed-
seed inference. For the purposes of this prototype’s scoring,
GRACE TWSA interface state and soil-moisture state were
mapped into an aggregate risk-context label. Confidence lev-
els were dependent upon availability of both signals: two sig-
nals = high; one signal = medium; none = no model data.
While the Water Agent itself has remained non-prescriptive
in terms of irrigation or treatments because it is a research
prototype, the entire process of defining all input selections
and rule development completed by the project team was de-
veloped through their own self-directed online research and/or
engineering judgment. Neither an agronomist, irrigation spe-
cialist, hydrologist, extension professional nor any other in-
dependent domain expert participated in the design, calibra-
tion or approval of the architecture. The USDA-NRCS ir-
rigation guidelines3?, FAO CROPWAT documentation3! and
USGS drought/groundwater information3? were reviewed by
the project team for directional relevance related to soil mois-
ture, water balance context and TWSA trend analysis, al-
though the project team defined all of the weights, cutoff val-
ues, and thresholds through their own developed heuristics
rather than those derived from these documents. NIST Al
RME, EFSA expert-knowledge guidance, STARD and Fleiss’
agreement framework 33-3¢ guided the reporting categories for
this audit as well as for the proposed future validation designs;
however, none of these resources guided whether the model is
correct or incorrect. Outputs from the model are for demon-
stration purposes only as proof-of-concept software and as ex-
amples for research discussions; therefore outputs should not
be used as operational advice (i.e. irrigation advice, pesticide
application advice, crop-treatment advice). Weights and prior-
ity cutoff values were varied by +1. Additionally, monotonic
relationships were evaluated. This audit evaluates determinis-
tic behavior and parameter sensitivity only; therefore, it estab-
lishes neither agronomic correctness, treatment safety, expert
agreement, sensitivity/specificity, nor field benefit.

Z— Zmin

Zmax — Zmin T €

Risk = wgGrisk + WsSrisk + WrRrisk

we+ws+wg=1

Data Analysis, Validation, and Reproducibility

Confirmatory soil-moisture analysis reported bias, MAE,
RMSE, ubRMSE, Pearson correlation, baseline improvement,
temporal block-bootstrap uncertainty, and TFLite parity. The
retained GRACE TWSA analysis is reported separately.

Ethical Considerations: No human or animal subjects or
identifying research data were used. Optional device location
is an application feature.

Results

Classes

(a)pag So7) junoy

Classes

Figure. 2 Plant-disease actual-versus-predicted plot.

The disease model produced 95.51% single-run internal ac-
curacy with test loss 0.1349.

The insect model produced 83.33% single-run internal ac-
curacy with test loss 0.3870. Performance metrics for each
model are summarized in the images included below. Figure 2
displays the relationship between actual and predicted values
for disease (Figure 2), and insects (Figure 3). Tighter clus-
tering along the diagonal indicates higher overall accuracy for
disease models. Precision, recall, and F1 metrics are provided
for the top five classes and bottom five classes of each model’s
most accurate classifications in Figures 4 (insects) and 5 (dis-
ease). As would be expected, precision, recall, and F1 metric
values near one are reported for the best performing classes
while dramatically lower values were reported for the worst
performing classes. This pattern of error concentration in spe-
cific hard-to-classify/rare classes is also visible when report-
ing weighted and macro averages of precision, recall, and F1
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Table 1 Final water model and deployment configuration

System Primary data Model input Output Deployment

GRACE TWSA GRACE/GRACE-FO + 6x32x36x1 grids Next grid, status, trend, Cloud CNN-LSTM
USGS/CMR context heatmap REST backend

Soil moisture SoMo.ml v1 Layer 1 + 5%32 x 32x1 grids Next grid; On-device TFLite
CMR/USGS context Dry/Moderate/Wet

Water Agent Two model states

Categorical/
continuous outputs

Rule-based Android
layer

Risk-context labels

The soil-moisture splits, random seed, and evaluation checks are documented as development evidence; no treatment advice or preregistration claim is

made.

Classes
faynag Soq) junoy

Classes

Figure. 3 Insect-classification actual-versus-predicted plot.

metric values in Figures 6 and 7. For example, the disease
model reached a weighted average of 0.955/0.955/0.954 in
terms of precision/recall/F1 metric values and a macro aver-
age of 0.89/0.88/0.885. Similarly, the insect model reached a
weighted average of 0.83/0.833/0.83 and a macro average of
0.72/0.70/0.71 in terms of precision/recall/F1 metric values.
The larger weighted-macro gap for the insect model reflects
the wider spread seen in its per-class breakdown (Figure 4) as
well as its larger number of classes (515 vs. 311). The same
disease-over-insect performance gap seen above can also be
observed when looking at training diagnostic data in Figures
8 and 9 where it is shown that the disease classifier achieved a
single run test accuracy of 95.51% using a test loss of 0.1349
and the insect classifier achieved a single run test accuracy
of 83.33% using a test loss of 0.3870. These internal esti-
mates were supported by external field evaluations: the dis-
ease classifier correctly identified 469 of 500 real field images

(i.e., a true positive rate of 93.8%) using a confidence interval
of 95%. Additionally, the insect classifier correctly classified
407 out of 451 images used to evaluate the models spanning
across thirty-one species sourced from Nature’s Good Guys
(a true positive rate of 90.2%) with a confidence interval of
95%. 1t should not be interpreted broadly as validation across
all classes and conditions because both evaluations represent
only a single collection session.

Water Resources

Water components passed development and integration
checks. Soil moisture additionally used chronological and
complete-region holdouts with explicit baselines.

GRACE TWSA Forecasting Results

The provided GRACE TWSA artifact is an LSTM-CNN of
20 epochs and not a convolutional neural network with three
dimensions (Conv3D) of 10 epochs. The originally leakage-
prone 99 window development test was conducted with nor-
malized MSE 0.071364, and normalized MAE 0.117362.
Both of these metrics are for the purpose of software devel-
opment testing; therefore, they are neither in physical units
nor scaled as native or leakage-safe TWSA accuracy.

Development maps that replicated GRACE TWSA showed
similar (but somewhat smoothed) boundary characteristics as
well as sharper than average error in each development map
grid-cell for most models of approximately < 0.10 and with
a small number of extreme values to the right. These exam-
ples are illustrations of how the program generates outputs,
rather than demonstrating the accuracy of forecasts made by
using leak-proof data. These examples illustrate model load-
ing, inference, and spatially referenced output generation. In
these models, the predicted variable is GRACE liquid water
equivalent terrestrial water storage anomaly. However, we do
not claim that this represents groundwater specific predictions
since we did not separate components.

© The National High School Journal of Science 2026

NHSJS 2026 | 7



**Per-class metrics are presented for the five highest-performing and five lowest-performing
classes only, as reporting all classes individually would exceed the manuscript's page constraints.

Figure. 4 Insect-classifier per-class precision, recall, and F1 comparison.

Class Precision Recall Fl1 Class Precision Recall Fl1

Monarch Butterfly 100 1.00 1.00 Monarch Butterfly 1.00 1.00 1.00
Seven-Spot Ladybug | 100 0.99 1.00 Seven-Spot Ladybug | 1.00 0.99 1.00
Honey Bee 099 0.99 099 Honey Hee 1.00 0.99 1.001
Stag Beetle 0.99 0.9% 0,99 Stag Beetle 0.99 0.99 0.99
Praying Mantis 098 0.497 ICH] Praying Mantis (.95 0.96 047
Cryptic Bark Beetles 047 0,43 45 Hoverflies 0,66 0,63 0.65
Hoverflies 0.46 0.41 043 Spider Mite 0.59 0.60 (.60
Leathopper 0.42 0.40 41 Mealybug .53 0.54 0.54
Planthopper 041 .35 038 Thrips 0.5l 0.50 (.51
Thrips 0.37 0.35 036 Flanthopper 0.45 0.43 0.44

**Per-class metrics are presented for the five highest-performing and five lowest-performing
classes only, as reporting all classes individually would exceed the manuscript's page constraints,

Class Precision Recall Fl Class Precision Recall Fl
Powdery Mildew 1.00 0.99 1.00 Powdery Mildew 1.00 0.99 1.00
Stawberry Leal 0.99 0.99 0.99 Strawberry Leaf 0.99 0.99 0.99
Scorch Scorch

Apple Rust 0.99 0.99 0.99 Apple Rust 0.99 0.99 0.99
Black Spot 0.99 0.98 0.99 Black Spot 0.99 0.99 0.99
Apple Scab 0.98 0.98 0.98 Apple Scab 0.99 0.98 0.99
Citrus Greening 0.53 0.56 0.3 Bacterial Canker 0.72 0.73 0.73
E:::f\ljl pletet o 034 053 Pierce’s Discase 0.72 0.68 0.70
Pierce’s Disease 0.50 0.52 051 Phytophthora Root Rot | (L66 0.69 0.68
Verticillium Wilt 0.50 052 051 Verticillium Wilt 0.58 0.59 0.59
Rice Blast 0.48 0.46 0.47 Rice Blast 054 035 035

Figure. 5 Plant-disease classifier per-class precision, recall, and F1 comparison.

GRACE TWSA Confirmatory Evaluation

Temporal measurement design — raw timestamp data — For
the second run, the 253 raw timestamps were split into train-
ing, validation, and test sets (70%, 15%, 15%) prior to nor-
malization and windowing. Each region’s training set in-
cluded 169 raw observations, whereas each region’s valida-
tion set included 36 raw observations and 60 windows. Sim-

ilarly, each region’s test set included 36 raw observations
and 60 windows. The dates of the earliest and latest ob-
servations are not known. The minimum requirements of
70%/15%/15% for usable observations, as well as the re-
moval of 6 observations, were met. Temporal measurement
of performance (cm LWE; 5,000 seven-observation block-
bootstrap replicates) was as follows: bias = 1.473 [95% CI:
0.816, 2.033], MAE = 3.831 [3.451, 4.211], RMSE = 4.912
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Metric  Weighted Macro

Precision 0.955 0.89
Recall 0.955 0.88
F1 0.954 0.885

Figure. 6 Plant-disease classifier.

Metric  Weighted Macro

Precision 0.83 0.72
Recall ‘ 0.833 0.70
F1 0.83 0.71

Figure. 7 Insect-classifier summary metrics.

[4.489, 5.300], ubRMSE = 4.686 [4.357, 4.988], and r =
902 [0.877, 0.920]. The persistence baseline had an RMSE
of 3.913. Therefore, the model’s improvement over persis-
tence was —25.53% [-40.63%, —11.72%], which indicates that
it did not reach the >5% threshold. In contrast, the clima-
tological monthly-average baseline had an RMSE of 7.445,
so the model’s improvement over climatology was +34.02%
[+27.29%, +40.60%], which exceeded the >5% threshold.
Thus, even though the model correlates highly with the true
measurements, it does not demonstrate improvement over per-
sistence.

All out-of-sample retained states included a total of 247
windows. Training on California and testing on Michigan (CA
— MI) produced bias =-10.945 cm, MAE = 12.482, RMSE =
16.957, ubRMSE = 12.951, and r = .026, with an RMSE im-
provement over persistence of —443.43%. Likewise, training
on Michigan and testing on California (MI — CA) produced
bias = 11.951 cm, MAE = 12.916, RMSE = 16.178, ubRMSE
=10.904, and r = .005, with an RMSE improvement over per-
sistence of —277.49%. In both directions, the model failed to
meet the r > 0.70 and >5% baseline-improvement thresholds.
Consequently, the fixed aligned output coordinates did not

provide sufficient inter-state transferability. Using identical
inputs, all 100 of 100 repeated inferences fell within tolerance,
with a maximum absolute difference of 0.0 (< 0.000001).

Soil-Moisture Forecasting Results

The 10-epoch development run ran to convergence. The
model behaviors shown through the time series curves and
spatial plots for each epoch show the temporal model perfor-
mance (and how well it behaved), while the leakage safe tem-
poral and complete region results are provided separately at
the end of this report.

The modeled and observed soil moisture map exhibited
similar banding of high values and large scale gradients across
the model region, as well as similar boundary geometry. The
modeled and observed soils also exhibited a similar elongated
high-moisture region extending from the top left toward the
center bottom of the model region. Most of the fine scale dis-
crepancy occurred near where the transition was abrupt and
where there was an elongated high-moisture region in the up-
per left part of the model region. Most of the remainder of the
model area had very low error. The residuals sharply peaked
around zero, indicating that the majority of errors fell between
approximately -0.05 and +0.05. This demonstrates low sys-
tematic bias. There is evidence of occasionally being slightly
under estimating in higher value regions due to output smooth-
ing indicated by a small negative tail.

The maps confirm that the software generated a 32 x 32
output, but they are not native-resolution or farm-scale vali-
dation. Dry, Moderate, and Wet remain interface categories
rather than calibrated agronomic thresholds, and the Android
controller remains fixed-seed demonstration inference.

Soil-Moisture Confirmatory Evaluation

The confirmatory rerun partitioned raw sequences before pre-
processing using a chronological 70%/15%/15% design, a
five-observation boundary gap, training-only normalization,
and seed 42. It contained 4,060 training, 870 validation,
and 870 temporal-test windows. Complete-region transfer
was tested in both directions (California-to-Michigan and
Michigan-to-California), with 2,900 windows in each state
pool. Conv3D was compared with persistence and training-
period seasonal climatology in m3/m3; 95% confidence in-
tervals used a seven-day temporal block bootstrap with 5,000
replicates. The supplied confirmatory summary reported that
the temporal and regional tests met the prespecified limits
for absolute bias (< 0.020 m3/m3), MAE (< 0.030 m3/m?),
RMSE and ubRMSE (< 0.040 m3/m3), and correlation (r >
0.70), with at least 5% RMSE improvement over persistence
and seasonal climatology. TFLite repeatability was 100/100
tolerance-equivalent runs with a maximum absolute difference

© The National High School Journal of Science 2026
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Figure. 8 Plant-disease classification diagnostic outputs.
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Figure. 9 Insect-classification diagnostic outputs.

of 0.0 (< 1 x 107%). A frozen, version-controlled evaluation
script was used for the confirmatory analysis.

Integrated Application, Live Data, and Deployment Re-
sults

End-to-end Android testing confirmed request serialization,
model or endpoint execution, response parsing, and rendered

Model Loss

0.9 — Train
’ val
0.8
0.7
0.6
b
3 o5+
0.4 1
0.3 1
0.2 1
0 2 a 6 8
Epoch
Test Loss: 0.1349
Model Loss
— Train
1.6 val
1.4 4
1.2 4
L]
g 1.0 1
0.8 1
0.6
0.4
0 2 4 6 8 10 12 14
Epoch

Test Loss: 0.3870

output. These are software-integration results only. They do
not validate the scientific accuracy of the maps, the Water
Agent recommendations, or farmer outcomes.

The Water Agent has been evaluated in terms of the deter-
ministic aspects of the retained GRACE time-variable surface-
water (TWSA) and soil moisture input variables. An evalua-
tion regarding whether the agent’s functionality is correct from
an agricultural standpoint, or whether it can be safely used to
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Acre Intelligence

Acre Intelligence

Color Key: Spatial Analysis - Stress Zone
- Cold Highlighted using...
- Healthy 1. Moran’s I
- Mild 2. Thermal Laplacian

e - Severe

Thermal Heat Map
Output

The thermal pipeline produced live proxy classifications, spatial clustering, and
boundary overlays from sensor data

Figure. 10 Thermal stress mapping output.

Table 2 Water Agent sensitivity audit

Perturbation Mean output Maximum Rating
change change
+5% 2.1% 5.3% Excellent
+10% 4.4% 9.7% Good
+20% 8.9% 17.2% Acceptable

treat water, or if it will have operational use has not been per-
formed as part of this software audit. As there were no signals
produced by the model, the Agent provided a “Low” Risk-
Context Label with Interface Text while providing informa-
tion on Confidence; this is a documented prototype limit, and
is NOT a recommendation for safety.

Discussion

The integrated prototype combined crop-disease, insect,
thermal-screening, GRACE TWSA, soil-moisture, and rule-
based advisory components in one Android workflow. Users
could provide inputs, execute local models or remote end-

points, and view classifications, maps, trends, and integrated
risk-context outputs. The demonstrated contribution was end-
to-end engineering integration. The leakage-safe offline soil-
moisture rerun supplied the strongest quantitative model evi-
dence. The system also demonstrated that heterogeneous data
types could be translated into a consistent consumer-facing in-
teraction pattern. This provides a technical foundation for fu-
ture controlled evaluation, but the meaning of each output re-
mains dependent on the evidence available for its underlying
component.

Limitations

Field assessments represent one collection session, therefore
they should not be taken as proof of existence of all of the
different classes, locations and conditions. Redistribution for
commercial use has not been permitted until a preliminary
dataset licensing audit has been completed.

The thermal part of the system used a CWSI-proxy based
on a modification of the original CWSI. Display thresholds
were altered to follow FAO guidelines vs. being based on
crop specific physiological measurements. Furthermore, the
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App Implementation of the Plant Disease Classifier and
Insect Classifier

Plant Disease Identifier
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Figure. 11 Integrated plant-disease and insect-classification output.
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Figure. 12 GRACE TWSA CNN-LSTM development training and validation curves across 20 epochs. Because global preprocessing and
overlapping-window random splitting preceded evaluation, these curves document optimization behavior only.

validation of the Moran’s I statistical significance threshold by-zero when T_air gets close to T_opt_max. Paired leaf-
did not occur relative to labeled regions representing phys- water potential, stomatal conductance, volumetric soil mois-
iologic stress. A software guard clause prevents division- ture and other physiologic “ground truth” data were not ob-
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Figure. 14

tained. Therefore, the thermal images provide evidence of
temperature gradients rather than valid biological diagnostic
findings. The GRACE TWSA component of the project uti-
lized the provided development artifact and the reported re-
sults. Results showed that the model was placed into mem-
ory and ran and generated spatially referenced output. There-
fore, results do not demonstrate the ability of a groundwater-
specific prediction model. Leakage safe soil-moisture reruns
consisted of chronology-based complete regional holdouts
(training), baseline comparisons (demonstrate performance
improvements over time), block bootstrapped uncertainty esti-
mations (out-of sample datasets), and repeated testing (consis-
tent performance). However, while the retained summary re-
port documented which of the summary points exceed prede-
termined thresholds, it did not document each individual point
estimate along with confidence interval endpoints. Further-
more, documentation of site level probes installed at sites was
not found in the paper. An android control unit that was in-
stalled continues to use a fixed seed demonstration inference
pattern versus five new date stamped observation inputs. As
a consequence, previously computed off line results cannot
support real-time decision making at a scale that could impact
management practices of agricultural operations. The Water
Agent was developed by the project team using self directed
online research. Agronomists, Irrigation Specialists, Hydrol-
ogists, Extension Professionals, and Independent Experts in
Domains Relevant to Agriculture did not develop, calibrate or
approve the Water Agents Design. Public sources supported

(b). Absolute error map.
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(b). Absolute error map. (¢). Residual distribution.

the directional relevance of soil moisture, water balance, and
TWSA context, but not the exact numerical weights, sever-
ity cutoffs, labels, or interface wording. However, the spe-
cific numeric values assigned to weightings for variables in
these relationships, severity limits, labels and/or text strings
describing display were neither validated nor agreed upon
through a process of consensus. The final audit evaluated only
determinism and parameter sensitivity of predictions made
by agent. Consequently, evaluation of agronomic accuracy,
safety for treatment applications and operational feasibility
was never accomplished. Prototype implementation includes
an implicit non abstainment: when both predictive model sig-
nals are missing it generates a low risk label/text string. This
behavior is explicitly identified as a limitation of the cur-
rent prototype; NOT a recommended practice for safe oper-
ation. Studies assessing farm use, research plot use, grower
user experience, enhanced diagnostics, reduced pesticide ap-
plication rates, improved irrigation methods, increased yields,
greater access to relevant information needed to make deci-
sions, better decision making practices, usability problems,
health/safety concerns resulting from use, cost savings, and/or
less time to accomplish tasks necessary to operate success-
fully were never conducted. Cost for hardware estimated
at $400 does not include costs for cell phones, connectivity
plans, server hosting fees/storage/maintenance/ calibration/
labor/ replacement parts. Evaluation of licensing/ permis-
sions for use of dataset(s), policies governing geographically-
based data governance/privacy protections/ enforcement of
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geography restrictions/ enforcement of version/model uncer-
tainty/display and evaluations of readiness for commercializa-
tion were also never accomplished.

Aside from soil moisture and GRACE product-based
groundwater models; a rainfall model was developed during
the execution of this project. Due to limitations associated
with developing the model using prior data as input; additional
input from OpenMeteo and similar services would be required
in order to render this model functional as a forecasting tool;
thereby transforming it into just another forecasting tool- not
a unique source of novel precipitation forecasts.

Future Validation

Priority works are consolidated and deduplicated using the
group image evaluation for independent farm images and
drone images. Thermal calibration using physiological mea-
surements is used for controlled thermal calibration. Testing
of leakage-safe GRACE TWSA uses common baselines and
uncertainty. Component separation occurs prior to making
any future claims specific to groundwater. Ingestion of live
dated soil observation. Independent expert review of held out
georeferenced Water Agent test cases with agreement, false
treatment, under treatment, unsafe recommendation, and ab-
stain metrics. Complete license and privacy audit. Prospec-
tive grower testing is also performed should there be pursuit
of outcome claims.

Therefore Acre Intelligence is represented as an integrated
software research prototype. The currently available evidence
provides support for the implementation and documentation
of the specifically listed offline tests, which are not diagnostic,
forecasting, intervention, outcome, or commercial claims.
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