1.1. Al-enhanced ADT (AiDT)

The AiDT is a machine-learning (ML) based model that is executed after the ADT has
completed deriving an individual intensity estimate for a satellite image for a tropical cyclone
being analyzed. The AiDT produces a single wind speed intensity estimate (in knots) using
various parameters obtained from the ADT TC history file record for the storm being
investigated.

1.1.1. Model Background and Performance

The development of the AiDT is outlined in great detail in Olander et al (2021), with updated
statistical performance provided in Olander et al (2022). A brief discussion of the AiDT
performance will be presented in Section 2.9.1.2 below.

1.1.1.1. Background

The AiDT model is a single hidden layer, fully connected, regression-based loss function neural
network. The hidden layer consists of 32 nodes (Figure 2.13). 26 parameters from the ADT
history file are passed into the network (Figure 2.14) and results in a single neuron output layer
representing a continuous maximum surface wind (MSW) estimate of TC intensity. The
intensity estimates are then averaged using a time-weighted three-hour averaging scheme to
slightly dampen the small fluctuations between consecutive estimates. The time averaging
reduces the error of the model by about 0.3 knots.

Many different models were investigated using several different analysis techniques, numbers of
model hidden layers, and number of nodes in each hidden layer. These are all discussed in great
detail in Olander et al (2021). It was decided to not directly interrogate IR satellite imagery since
that type of ML model has been performed numerous times previous to (and since) the
development of the AiDT. Instead it was decided to utilize the current ADT analysis parameters
and determine if ML could improve upon the ADT using just these derived values. This would
continue the use of the ADT analysis in global tropical cyclone intensity analysis as well as
preserve many years’ worth of experience and familiarity with the ADT for tropical cyclone
forecasters.

As shown in Olander et al (2021), the final AiDT accuracy proved to be comparable with or
better than many different documented ML and statistical-based models at that time.
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Figure 2.13 — AiDT neural network model
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Figure 2.14 — ADT parameters utilized by the AiDT

1.1.1.2.

Performance

The AiDT offers significant accuracy improvement over the ADT, especially in various
situations where the ADT (and Dvorak Technique) historically struggles. Tables 2.19 through
2.21 are taken from Olander et al. 2021, and present the AiDT performance comparisons versus
the ADT for the 2017 global tropical cyclone season.

Table 2.19 presents the AiDT/ADT comparisons for each individual oceanic basin along with the
global, combined comparisons. Significant improvement in RMSE was noted along with a
reduction of bias in each basin. Overall, in all basins, a 30% decrease in RMSE was achieved by



the AiDT versus the ADT. This result was comparable to or better than many machine learning
and statistical intensity models available at the time of the article publication (not shown here but
provided in the AiDT article).

Table 2.19 — 2017 AiDT vs ADT Performance by Ocean Basin

Atlantic East Pacific West Pacific
Network Bias MAE | RMSE | Bias MAE | RMSE | Bias MAE RMSE
ADT -0.91 9.50 12.33 | -0.15 7.38 9.44 -1.87 8.47 |10.88
AiDT 0.33 6.59 8.44 [ -0.13 5.30 6.77 -0.86 5.89 7.35

# records 5188 [ 5188 5188 | 3677 | 3677 3677 5475 5475 [ 5475

South Pacific North Indian All Basins
Network Bias | MAE | RMSE | Bias | MAE | RMSE | Bias MAE | RMSE
ADT 2.71 8.43 10.70 5.03 7.51 9.96 -0.13 8.50 |10.98
AiDT -0.98 6.27 7.99 1.04 5.33 7.49 -0.35 6.03 7.70

# records 3766 | 3766 3766 566 566 566 18672 | 18672 | 18672

Table 2.20 shows the AiDT versus ADT statistical comparisons for the same 2017 global sample,
but are broken down into the four main ADT scene types (Embedded Center and Irregular CDO
are combined into the CDO category, and Eye includes all Pinhole and Large Eye scene types).

It is important to note the increase in accuracy achieved in all scene types, but improvements in
the CDO scene types are particularly noteworthy since the ADT (and Dvorak Technique)
struggle with that scene type due to the reduction of IR cloud top temperature information
associated with the CDO scene type.

Typically, when a CDO is analyzed, the cloud top temperature field is quite uniform across the
cirrus shield being sampled (and obscuring the possible eye forming below it). Analysis of
passive microwave imagery has been implemented within the ADT using ARCHER analysis to
try and provide some additional information, with broad intensity ranges associated with the
ARCHER “Eye Score’ analysis (T# values of 4.3 or 4.8 based on the Eye Score value obtained).
This has helped, but still can result in ADT intensities that are not quite representative of the
actual storm intensity.

Use of the AiDT has drastically improved the intensity estimate accuracy during the CDO scene
type, which typically occur during the tropical storm and weak hurricane (Saffir-Simpson H1 and
H2) intensity categories (typically prior to the emergence of an eye in higher ranges). Table 2.21
breaks down the AiDT/ADT comparisons by Saffir-Simpson categories, and the improvements
noted in the TS and H1 are highlighted (as well as the improvements in the combined H1 and H2
ranges). Drastic improvements are noted in all ranges except the H5, where fewer samples are
available. Statistical and machine learning models typically struggle with the “outlier”
categories since they focus on improving the higher sampled components of a data sample.




Table 2.20 — 2017 AiDT vs ADT Performance by Scene Type

Sample ADT AiDT
ADT Scene Type Size Bias MAE | RMSE | Bias MAE | RMSE
Eye 2590 0.10 8.66 11.03 | -1.43 6.55 8.30
CDO 7246 2.20 8.92 11.18 [ -0.67 6.53 8.30
Curved Band 5670 | -1.50 8.54 11.17 0.57 5.75 7.27
Shear 3166 | -3.21 7.36 10.12 | -0.41 4.95 6.35

Table 2.21 — 2017 AiDT vs ADT Performance by Saffir-Simpson Hurricane Category

Saffir-Simpson | Sample ADT AiDT
Intensity Category | Size Bias MAE RMSE Bias MAE RMSE
TD <35.0 kt 3519 5.34 6.58 9.27 5.96 6.28 7.83
TS 35.0-63.9kt 9016 -0.37 8.54 10.72 -1.19 5.30 6.79
H1 64.0-82.9kt 3001 -3.99 9.90 12.87 -2.09 6.45 8.15
H2 83.0-95.9kt 1445 -2.03 10.02 12.43 -3.50 8.01 9.92
H3 96.0-112.9kt 845 2.44 8.35 10.22 -0.44 6.21 7.86
H4 113.0-136.9kt 607 -4.18 7.83 10.15 -4.14 6.35 8.24
HS5 >137.0kt 239 -10.34 10.84 13.44 -10.02 11.00 12.82
H1-H2 64.0-95.9kt | 4446 -3.35 9.94 12.73 -2.55 6.96 8.77
H3-H5 >96.0kt 1691 -2.95 8.52 10.71 -341 6.94 8.88

Table 2.22 is the same as Table 2.19 but displays the AiDT versus ADT ocean basin performance
for the combined 2019-2021 tropical cyclone seasons. Smaller but still impressive RMSE
improvements of 20% were obtained for these larger samples in the Pacific and Global samples.
A much smaller improvement was noted in the North Indian Ocean, but could be partially
attributed to the much smaller sample size and possible impact from one or two tropical
cyclones.

It must be noted that the improvement noted in the Atlantic basin was still around 17%, however
the ADT had a much larger RMSE and bias than in other basins during the 2019-2021 seasons.
It is believed that much of this is attributed to the use of SFMR information in the NHC Best
Track data (starting around 2018 or 2019). Since the ADT was not trained on Best Track data
utilizing this newer aircraft in-situ data, a larger low bias is noted during this period than in the
2017 Atlantic sample in Table 2.19. Recently a large high biases in the SFMR data sets has been
released (via personal communications and Franklin (2021)), with biases of around
5.0/8.5/13.0/18.0 knots at tropical cyclone intensities of 100/120/140/160 knots found
(comparisons between SFMR and radiosonde observations from 2004-2018). These biases have
led to higher NHC Best Track estimates when influenced by these improper SFMR observations,
leading to an underestimate bias in the ADT intensity estimates. We believe a reevaluation of the
NHC Best Track estimates will result in lower ADT (and AiDT) bias and RMSE values in the
Atlantic.



Table 2.22 — 2019-2021 AiDT vs ADT Performance

Atlantic East Pacific West Pacific
Network Bias MAE [ RMSE | Bias | MAE | RMSE | Bias MAE RMSE
ADT -2.79 9.03 11.91 | -1.04 7.03 9.20 -1.73 7.93 10.83
AiDT -1.63 7.65 9.89 | -1.18 5.51 7.22 -1.48 6.57 8.74

# records 13258 | 13258 | 13258 | 9774 | 9774 | 9774 [ 16098 | 16098 16098

South Pacific North Indian All Basins
Network Bias MAE | RMSE | Bias | MAE | RMSE | Bias MAE RMSE
ADT -0.68 7.91 10.29 | -1.22 8.18 10.79 -1.55 8.04 10.69
AiDT -1.94 6.95 891 | -1.11 7.37 10.12 -1.71 6.78 8.90

# records 15744 | 15744 | 15744 | 2743 | 2743 2743 | 57617 | 57617 57617

Overall the AiDT significantly and positively adjusted the intensity estimates obtained by the
ADT and provided statistically improved results in every phase of the tropical cyclone lifecycle
(as attributed to the improvements in all ADT scene types) for all storms globally (as attributed
to the statistical improvements shown in the ocean basin tables).

1.2. Updated Al-enhanced ADT (AiDT—Version 2)

The AiDT—Version 2 (AiDTV2) is very similar to the original AiDT discussed in Section 2.9
above, however several changes to the machine learning model will be discussed in the
following sections.

1.2.1. Model Background and Performance

The AiDT-Version 2 machine learning model still outputs a single MSW intensity estimate,
which is again time averaged to produce the final intensity estimate. However, an additional set
of output forecast values are also derived from a new machine learning model to produce
intensity estimates at times 3, 6 and 12 hours in the future from the current intensity time.

1.2.1.1. Background
1.2.1.1.1. Current Intensity

The initial research outline of this work was to examine the DPRINT SHAP values and identify
parameters that could be used by the AiDT model to improve the current intensity estimation
values for cases where we observed large differences between the AiDT and Best Track,
especially in either intense Eye scenes or those cases where the eye had not yet appeared (plateau
in the CDO eye scene cases) in the matching ADT records. All AiDT cases with corresponding
ADT Eye and CDO scenes and available DPRINT SHAP values were examined for all global
storms for the 2022-2025 period.

Storms cases were identified where AiDT differed from the Best Track estimates (interpolated
values) by greater than or equal to 20 knots. Available, corresponding DPRINT SHAP files were
found for each AiDT record and all 38 SHAP parameter values were extracted from the DPRINT
pkl files. In each record there are 32 individual SHAP parameters, five “group” parameters




(summation of various elements in the particular group of values) and a Total SHAP parameter.
The SHAP value for each parameter is the amount each parameter contributes to the predicted
intensity above or below a 60 knot baseline intensity, with the Total SHAP being the final
adjustment +/- 60 knots and representing the current intensity estimate.

A total of 1058 cases were found for the CDO scene types where the AiDT was >= 20 knots
from Best Track, with 357 Eye Scene cases found for the same threshold difference. The mean
and standard deviation of each SHAP parameter was derived for the two data sets, with a
Pearsons correlation and p-value derived for each parameter related to the Best Track estimate.
Records with P-value <0.001 are listed in BOLD. Table 2.23 and 2.24 contain the CDO and Eye
scene values, respectively.

Table 2.23 — DPRINT SHAP values for CDO Scene Type

CDO scene type Mean (kts) Std. Dev. (kts) # Records

Best Track Vmax 89.44 20.04 1058

IR0O 3.59 5.85 0.6103 0.0000
IR03 0.73 2.34 0.6161 0.0000
IR06 2.17 3.85 0.7621 0.0000
IR09 1.03 2.88 0.6277 0.0000
IR12 7.33 8.55 0.6994 0.0000
SatSHAP 14.86 19.73 0.7978 0.0000
DELV -0.07 0.57 -0.0241 0.4340
HIST 0.19 1.63 0.1446 0.0000
HistSHAP 0.12 1.70 0.1287 0.0000
SinLat -0.32 1.08 0.0528 0.0860
CosLon 0.03 0.49 0.1486 0.0000
SinLon -1.40 3.06 0.0851 0.0056
DTL 0.11 0.38 -0.2280 0.0000
SinTime -0.01 0.22 0.0606 0.0486
LocSHAP -1.58 3.70 0.0857 0.0053
SHDC -0.01 0.08 -0.0139 0.6508
SHDD -0.03 0.13 0.0331 0.2828
SHDS -0.06 0.22 -0.0609 0.0477
MPI 0.01 0.06 -0.1125 0.0002
RSST -0.71 1.21 0.1517 0.0000
COHC 0.07 1.11 -0.2603 0.0000
CD26 -0.03 0.40 0.2702 0.0000
CD20 0.35 1.19 0.0797 0.0095
EnvSHAP -0.42 1.82 0.0463 0.1319
DIVC -0.08 0.39 -0.1512 0.0000
V300 0.07 0.30 0.3155 0.0000
V500 0.19 0.58 0.2416 0.0000
V850 0.04 0.18 0.1543 0.0000
Z850 -0.12 0.48 -0.1749 0.0000
U200 -0.02 0.12 0.0034 0.9124
u20C -0.01 0.47 0.0647 0.0353
\VV20C -0.01 0.16 -0.0642 0.0367




RHMD 0.25 1.06 0.2304 0.0000
EPSS 0.01 0.20 -0.2128 0.0000
ENSS -0.17 0.47 -0.1006 0.0010
DynSHAP 0.15 1.38 0.2199 0.0000
TotalSHAP 12.02 21.95 0.7673 0.0000

Table 2.24 — DPRINT SHAP values for Eye Scene Type

EYE scene type Mean (kts) Std. Dev. (kts) # Records

Best Track Vmax 110.64 25.36 357 Eie
IR0O 13.33 6.76 0.7173 0.0000
IR03 5.06 3.34 0.6718 0.0000
IR06 8.31 5.12 0.7609 0.0000
IR09 4.55 3.90 0.6923 0.0000
IR12 16.22 9.61 0.7327 0.0000
SatSHAP 47.47 24.95 0.8306 0.0000
DELV 0.22 1.10 0.0403 0.4480
HIST 0.94 1.49 0.2021 0.0001
HistSHAP 1.14 1.50 0.2404 0.0000
SinLat -0.15 0.88 0.1559 0.0031
CosLon 0.06 0.47 0.0368 0.4877
SinLon 0.03 2.81 0.2959 0.0000
DTL 0.10 0.26 0.0472 0.3743
SinTime -0.03 0.26 0.0339 0.5233
LocSHAP 0.00 3.43 0.2930 0.0000
SHDC 0.01 0.05 0.1565 0.0030
SHDD 0.01 0.10 -0.1543 0.0035
SHDS 0.02 0.21 -0.1555 0.0032
MPI -0.00 0.19 0.0034 0.9491
RSST -1.38 3.04 0.2456 0.0000
COHC -0.22 0.93 -0.3333 0.0000
CD26 0.1 0.53 0.3992 0.0000
CD20 0.33 1.13 0.0736 0.1650
EnvSHAP -1.13 3.37 0.2083 0.0001
DIVC 0.02 0.43 0.1611 0.0023
V300 0.07 0.32 0.1033 0.0512
V500 0.14 0.29 0.0414 0.4350
V850 0.05 0.11 -0.0112 0.8334
Z850 -0.15 0.34 -0.0923 0.0816
U200 -0.04 0.11 -0.0541 0.3079
u20C 0.04 0.32 -0.1314 0.0130
V20C 0.00 0.1 0.0227 0.6694
RHMD 0.08 0.85 -0.2008 0.0001
EPSS -0.03 0.07 -0.1284 0.0152
ENSS 0.02 0.35 0.1625 0.0021
DynSHAP 0.20 0.85 -0.0884 0.0952
TotalSHAP 48.57 28.65 0.8098 0.0000




As shown in the tables, the SHAP parameters with the largest contributions, with P-Values of <
0.001 for both the CDO and Eye scene types, are the Satellite IR images (SatSHAP group),
especially the IR00, IR06 and IR12 parameters. Since the AiDT currently uses the ADT history
file record from the current (IR00) image when deriving the intensity estimate, it was decided to
use the ADT history file records from the T-6hr and T-12hr records to emulate the IR06 and IR12
image contributions in the DPRINT model. These inputs are readily available, do not rely upon
outside sources as with other DPRINT SHAP parameters provided in the tables, possess by far
the largest intensity adjustment impact, and currently fit with the existing AiDT model inputs to
make the data ingest process easy.

Experimentation started with the Original AiDT neural network regression model that used only
the current-time (TO) 26 input features (Figure 2.14) obtained from the ADT history file, to
predict a single target Vmax values, as described in Section 2.9 above. The Original AiDT
model consists 1 hidden dense layer of 32 neurons and produced a single output value of
maximum wind speed Vmax (Figure 2.13).

The updated AiDTV2 model development setup included standard preprocessing (feature
scaling) and a basic Dense neural network as done previously. Global ADT history file records
were again utilized, with the training, validation, and testing data sets being assigned as the
following (number of records listed in parenthesis):
Training (245603): 2005, 2006, 2008, 2009, 2011, 2012, 2013, 2015, 2016,

2018, 2019, 2020, 2021, 2023
Validation (72294): 2007, 2010, 2014, 2017, 2022
Test (36858): 2024, 2025

The years between 2005 and 2016 were assigned the same as with the Original AiDT model
development in Section 2.9. Previous Test dataset years 2017 and 2018 were now assigned to
the training and validation data sets. Years 2019-2023, minus 2022, were added to the Training
dataset, with 2022 assigned to the Validation dataset, leaving 2024 and 2025 as the new Testing
dataset.

Next, incorporating the lagged ADT history file record data (the T-6hr and T-12hr) was explored
to determine whether adding temporal information would improve predictions. The lagged data
(T—6 and T—12 hours) were incorporated into the various model experiments via constructed
features such as raw values and differences (e.g., TO — T6, TO — T12). The latter method
introduced trend information into the model instead of using the raw values at each lagged time
period. Through controlled experiments (including fixing random seeds to eliminate variability),
we found that the use of lag features provided modest but consistent improvements, confirming
that short-term temporal dynamics contained useful signal. The number of inputs to the model
was increased from 26 to 78.

Early experiments showed reasonable performance, but also revealed issues such as instability
from bad input values (NaNs) and sensitivity to feature scaling. Cleaning the data and properly
standardizing inputs significantly improved model stability and performance.



Multiple model architectures (varying layer depth and width) were then tested. Interestingly,
simpler models often performed as well as or better than deeper ones. A single hidden layer with
around 64 neurons provided the best balance between learning capacity and generalization.
Larger models tended to over fit, while smaller ones under fit. This helped identify a “sweet
spot” in model complexity.

Additional experiments focused with alternative feature representations, including rate-of-change
(difference divided by time interval) instead of raw differences. This improved performance
slightly, especially because the data had small irregularities in timing due to past records not
always being exactly 6 or 12 hour prior to the current time. Such conditions primarily occurred
at the start of storms but also much less frequently during periods of land interactions when past
ADT analysis were not performed. This step reinforced that thoughtful feature engineering can
be as important as model architecture.

In summary, the new AiDTV?2 current intensity model increased the number of input parameters
from 26 to 78 with the single dense hidden layer increasing from 32 to 64. Otherwise the
relatively simple regression-based model was employed as with the Original AiDT model
discussed in Section 2.9.

1.2.1.1.2. Forecast Intensity

Once the new AiDTV?2 current intensity model was finalized, the problem was extended from
predicting a single current intensity value to predicting multiple forecast horizons (TO0, +3h, +6h,
+12h). This required modifying the model to output multiple values and restructuring the labels
into multi-dimensional arrays. Per-horizon evaluation was implemented to understand how
prediction error grows with forecast lead time.

At this stage, a persistence baseline was introduced, which assumes that future values remain
equal to the current value. This turned out to be a critical diagnostic. The persistence model
performed surprisingly well, especially at short lead times, revealing that the system evolves
slowly and that most predictive power lies in the current state.

Initial multi-output models (predicting absolute future values) performed worse than persistence,
indicating that the model was not effectively capturing the small changes over time. This led to
an important insight: instead of predicting absolute values, the model should predict the
deviation from persistence.

A residual (delta) learning approach was then implemented, where the model predicts only the
change from the current value (future — TO). The final forecast is reconstructed as:

forecast = TO + predicted change.
This aligns the model with the underlying structure of the problem and focuses learning on the
small but meaningful deviations.

This change produced a major improvement. The model began outperforming persistence at all
forecast horizons, especially at +6 and +12 hours. This confirmed that the model was
successfully extracting real predictive signal beyond the baseline. It also reduced bias and
improved consistency across training, validation, and test datasets.



1.2.1.2. Performance
1.2.1.2.1. Current Intensity

Statistical analysis of the Test datasets (2024 and 2025) indicates a 11.0% MAE accuracy
improvement with the new AiDTV2 model versus the Original AiDT for all scene types.
Examining by scene type, in Table 2.25, improvement is demonstrated not only in the Eye and
CDO datasets originally being targeted for improvement, but with Curved Band and Shear scene
types as well.

Table 2.25 — Original AiDT vs AiDTV2 Performance by Scene Type

Sample Original AiDT AiDTV2

ADT Scene Type | Size Bias [ MAE | RMSE | Bias [ MAE | RMSE
All 36858 | -2.92 | 7.37 9.60 -1.93 6.56 8.73
Eye 4528 | -1.76 | 7.03 9.31 -0.25 6.52 8.96
CDO 12902 | -4.01 8.09 1048 | -1.92 | 7.01 9.20
Curved Band 11403 | -3.27 | 6.79 8.79 -2.18 [ 6.13 8.16
Shear 8025 | -1.34 | 7.25 9.35 -2.52 | 647 8.50

Eye improvement: 7.3%

CDO improvement: 13.4%

Curved Band improvement: 9.7%

Shear improvement: 10.8%

Overall the AiDTV2 significantly and positively adjusted the intensity estimates obtained by the
ADT and provided statistically improved results in every phase of the tropical cyclone lifecycle
(as attributed to the improvements in all ADT scene types) for all storms globally in the Test
dataset.

1.2.1.2.2. Forecast Intensity

Examination of the three forecast AIDTV2 model intensity estimates versus persistence for the
Test dataset indicates roughly a 14% improvement in MAE at all three forecast time periods, as
shown in Table 2.26.

Table 2.26 — AiDTV2 versus Persistence

Sample AiDT Persistence
Forecast Time Size Bias | MAE | RMSE | Bias MAE | RMSE
T+3 36858 | -0.22 1.94 2.75 -0.23 2.25 3.36
T+6 36858 | -0.35 3.80 5.41 -0.35 442 6.50
T+12 36858 | -0.40 7.18 10.14 | -0.30 8.33 11.95




The very consistent improvement across all horizons is a strong sign the model is learning real
signal. Simply, persistence handles the baseline with the new model learning the deviation from
persistence, so effectively: forecast = persistence + learned correction.

In summary, the key findings of all of the new AiDTV2 model development testing were:
e Data quality and proper scaling are essential foundations.
e Temporal features provide modest improvements but must be used carefully.
e Simpler neural network architectures often generalize better for tabular data.
e Persistence is a strong baseline for slowly evolving systems.
e Predicting residuals (change from persistence) is far more effective than predicting
absolute values.

The final model is simple, stable, and interpretable: a single hidden-layer neural network using
current and trend features, trained to predict future deviations from persistence. This approach
yields meaningful forecast skill and represents a solid, production-ready solution.

The statistics from the test data set demonstrate the improvement obtained by the new AiDTV?2
model for both the current intensity estimate as well as the forecast intensity values.
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