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Abstract—This work proposes the NC-CC (Norm-Cosine for
Convex Combination) method as an approach for multi-horizon
forecasting of climate time series, comparing it with the XGBoost
model. NC-CC identifies the historical time point most similar
to the current one using a hybrid metric based on Euclidean
distance and cosine similarity between climate variation vectors
and forecasts the next k£ days through a convex combination of
the current and analogous variations. We use daily temperature,
precipitation, and wind direction data from 2019 to 2024 for
the cities of Belo Horizonte (Brazil) and Shenzhen (China). We
evaluate NC-CC and XBoost in 1,000 random trials, with forecast
horizons of 1, 7, 15, and 30 days, considering quality metrics
such as Root Mean-Square Error (RMSE), Mean Absolute Per-
centage Error (MAPE), RMSE/c and accuracy within absolute
thresholds. The results show that NC-CC outperforms XGBoost
in terms of scalability and in tracking abrupt variations, whereas
XGBoost tends to minimize quadratic error, yielding smoother
forecasts.

Index Terms—time series forecasting, climate prediction, XG-
Boost, NC-CC, convex combination, vector similarity.

I. INTRODUCTION

Forecasting time—series variables—temperature, precipita-
tion, economic indicators, physiological signals—underpins
decision-making in climate science, economics and health.
With the spread of sensors and long historical records, methods
that capture seasonality, structural breaks and abrupt shifts are
increasingly valuable.

Classical models such as ARIMA and deep-learning archi-
tectures like LSTM remain popular, while gradient-boosted
trees—particularly XGBoost—provide high accuracy with
modest training time [[1]. Yet XGBoost’s global regularisation
can smooth local extremes [2f], [3]]. In contrast, history-based
analogues (e.g. k-NN) reproduce local and rare patterns but are
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sensitive to noise [4]], [S[, highlighting the trade-off between
robustness and fidelity.

We bridge this gap with NC-CC (Norm—Cosine for Convex
Combination). The method retrieves the historical day most
similar to the present via a hybrid Euclidean—cosine met-
ric on change vectors and projects future values through a
convex blend of current and historical variations. NC-CC is
training-free, lightweight and interpretable. We benchmark it
against XGBoost on daily climate series from two contrasting
cities—dry, temperate Belo Horizonte (Brazil) and highly
variable Shenzhen (China)—and offer four contributions:

« a history-based forecasting framework built on change-

vector similarity;

e a hybrid norm—cosine metric balancing magnitude and
direction;

e a zero-training implementation suitable for resource-
constrained devices;

e an empirical study showing that NC-CC matches or
surpasses XGBoost in capturing local extremes while
scaling favourably.

The remainder of the paper is organised as follows.

tion 11| reviews related work; presents NC-CC,

experimental setup and dataet description; presents
and discusses the results; and concludes the study
and outlines future research.

II. THEORETICAL FOUNDATION

Climate time series forecasting is a classical problem with
critical applications in various domains such as agriculture,
public health, water management, energy, and disaster mit-
igation [6]. Beyond meteorology, applications also extend to
finance [7]], industrial monitoring, and demand forecasting [8]],



all of which require robust forecasting models capable of
handling complex dynamics, structural breaks, and irregular
patterns.

Traditional autoregressive models, including AR, ARMA,
and ARIMA, have been widely used for modeling temporal
dependencies [7]. However, their assumptions of linearity and
stationarity often limit performance in highly nonlinear envi-
ronments such as climate systems. Extensions like ARIMAX
and hybrid ARIMA-machine learning models have sought to
address some of these limitations [8]].

Machine learning approaches, particularly ensemble meth-
ods such as XGBoost [1]l, [9], have gained popularity due to
their ability to capture nonlinear patterns, strong regularization
capabilities, and high computational efficiency. Recently, deep
learning architectures — such as Long Short-Term Memory
(LSTM) networks and Transformer-based models — have
also demonstrated strong predictive performance in time series
forecasting [10], [[11]. However, these models typically require
large datasets and substantial computational resources.

Parallel to these supervised approaches, analog forecasting
methods have seen renewed interest due to their interpretabil-
ity and data-driven nature [12]. These approaches rely on
retrieving past conditions most similar to the current state
and projecting future evolution accordingly. Closely related
are k-Nearest Neighbors (kNN) techniques for time series
forecasting, which also use distance-based retrieval of similar
historical patterns. Most of these methods, however, adopt
simple similarity metrics such as Euclidean distance.

III. METHODOLOGY: NC-CC FORMULATION AND
EXPERIMENTAL SETUP

The research conducted in this paper is of an experimental
and comparative nature, employing qualitative and quantitative
approaches with an exploratory objective, which aims to
develop a predictive model using climate data. The research
integrates building and experimental methodologies aimed re-
spectively at the development and improvement of the model,
as well as its empirical validation.

The hypothesis is that the method we developed, called
Norm-Cosine for Convex Combination (NC-CC), is capable
of obtaining better quality forecasts in most cases compared
to XGBoost. The specific objectives include developing the
NC-CC method, comparing its performance with XGBoost
using accuracy metrics for different horizons, and evaluating
the generalization capabilities of the NC-CC in contrasting
climates.

A. NC-CC Architecture

The NC-CC is a history-based method that incorporates both
norm-based and angular similarity (cosine) into the pattern
retrieval process, combining the advantages of magnitude and
directional information for forecasting. Furthermore, it intro-
duces convex combinations of historical variations, a relatively
underexplored strategy in the existing time series literature,
that enables more flexible multi-step forecasts while remaining
computationally lightweight and unsupervised.

We divided the mathematical foundation of the NC-CC into
two parts: (i) finding in the data history the moment most
similar to the current one using norms and cosines, and then
(if) using the obtained data to compute the next moment
through a convex combination. It is worth noting that the
method can be fitted as a dynamic autoregressive model with a
single lag, analogous to a k-NN model with a single neighbor.
The NC-CC can reconstruct larger forecast windows using
more terms or larger blocks. However, in this work, we utilize
data from a single day in the present and another single day
in the past to sequentially forecast future days.

As a similarity metric for selecting data from the past, we
use a mixed formula that takes into account the norm and the
cosine between the vectors representing the current and past
moments. The similarity (p,,) is described by the Equation
where v represents the current day and w a past moment under
evaluation:

[[o — w]
po=1- M
[oll + Tl

As we are dealing with the ratio of two non-negative
numbers greater than value zero, and with the ratio being at
most value one due to the triangle inequality, we include these
limits as shown in the Equation [2}

[lv = w]
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The previous equation is obtained considering z = —w, in

the triangular inequation expressed in Equations [3} resulting
in [ so that the maximum occurs when —w = v, i.e., w is
opposite to v.
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To maintain the same pattern used with cosine, we adopt

the Equation [5] which inverts the maximum and minimum
scenario.
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Another similarity metric used was the cosine, which indi-
cates how angularly close the two vectors are, with 1 being the
maximum angular similarity and -1 representing collinearity
but in the opposite direction. The general formula for cosine
is described in Equation [6}

<v,w >

Pe = cos(v,w) = IR ©



The cosine metric is scale-insensitive, which is why we
chose to embed a calculation that is sensitive to the norm.
Thus, we define the Equation

[|v = wl]
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where p,, is the past moment weight, used both to select the
most similar scenario (the one with the highest p,) and in the
iterative step by the convex combination; p,, is the norm based
weight; and p, is the cosine weight.

Starting from the current moment and the most similar past
moment selected by weight, we perform an Iterative step,
which consists of a variation obtained through the convex
combination of the current variation with the past variation.
Consider v the vector of the present moment and the imme-
diately previous vector v_1; we define the auxiliary variation
as 0, = v — v_1. This variation is used considering that we
do not have data for future variation and that the variation is
stationary, which is a hypothesis for the proper functioning of
the model; usually, this variation will have very little influence
since another hypothesis for good performance is the existence
of regular behavior in the past, which leads to high weights
in the composition with the past scenario.

Considering the past as w and the moment immediately
after the past scenario as w1, we use the subsequent moment
since we assume that the variation of the current moment will
be similar to that which occurred in the past. In this case,
the degree of similarity is measured by the same similarity
measure that determined the selection. This variation is given
by the Equation 8}

Oy =Wy —w (8)

The variation from the current moment to the next (vy1) is
defined by the convex combination show in Equation [0] where
pn, = (1 — pp) is the weight of the moment in present. The
next moment is given by Equation [T0}

6U:<1_pp)'6a+pp'6w (9)

Vi1 =V + 0y (10)

Subsequent moments can be obtained in iterative manner,
starting from the newly obtained moment.

B. Experiment Design

1) Hardware and Software Parameters: The experiments
were conducted on a Dell Inspiron 15 5510 (Intel Core i7-
11390H 11th generation, 8 threads, 3.40 GHz), 154 GiB
of RAM, running openSUSE Tumbleweed 20250306 (ker-
nel 6.12.20-1-longterm, KDE Plasma 6.3.2), and JupyterLab
(Python 3.12), with GPU acceleration provided by an NVIDIA
GeForce MX450 (2048 MB, 896 CUDA cores). Numerical

processing was carried out using NumPy 2 and TensorFlow
2. The NC-CC method was implemented using TensorFlow,
pre-calculating norms and normalizing vectors to speed up
evaluation—a phase we call preprocessing. XGBoost training
was executed with a single parameterreg: squarederror.

2) Experiments: For each location, the data from 2019
to 2023 was defined as the training set, and the data from
2024 as the validation set. A deterministic 30-day forecast
was performed starting from an arbitrary day 123 in 2024.
Was conducted 1,000 random trials with horizons k£ =
{1,7,15,30} days, whose results are presented in Section
The experiment conditions were analogous for both methods
in Belo Horizonte and Shenzhen. Illustratively, we highlight a
30-day forecast starting on day 170 (a persistently dry period
in BH) and on day 225 in SZ (a highly variable period) to
compare model behaviors as can be seen in Figures [T] and [3]
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Fig. 1. Time series of mean temperature (°C), precipitation (mm), and
dominant wind direction (°) for the Belo Horizonte dataset from 2019 to
2023.

3) Data Acquisition and Preprocessing: Daily historical
climate data for Belo Horizonte (Brazil) and Shenzhen (China)
were retrieved from the Open-Meteo archive APIL. For both
cities, the period January 1, 2019 to December 31, 2023 was
obtained, and for Belo Horizonte an additional test period
from January 1, 2024 to December 31, 2024. Each API
call requested daily values of temperature_2m_mean,
rain_sum, and winddirection_10m_dominant, re-
turned in the local time zones (America/Sao_Paulo and
Asia/Shanghai). The JSON responses were parsed into
pandas DataFrames, with time converted to a datetime
index and columns renamed to meantemp, rain, and
wdir_dominant, using only the requests, pandas, and
NumPy libraries.

To ensure uninterrupted daily records, each DataFrame was
reindexed against a complete date range for its period, and an
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Fig. 2. Time series of mean temperature (°C), precipitation (mm), and
dominant wind direction (°) for the Belo Horizonte dataset in 2024.
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Fig. 3. Time series of mean temperature (°C), precipitation (mm), and
dominant wind direction (°) for the Shenzhen dataset from 2019 to 2023.

assertion confirmed zero missing entries.

IV. RESULTS AND DISCUSSION

The comparison between the proposed NC-CC method and
XGBoost was conducted using classical regression metrics
for time series and predictive models, including RMSE (Root
Mean Square Error), MAE (Mean Absolute Error), MAPE
(Mean Absolute Percentage Error), and the RMSE/o ratio.
We also present comparative execution-time benchmarks -
Table [l and Table [ based on the observed runtimes of the
datasets across different forecasting horizons, demonstrating
the scalability of the NC-CC method relative to XGBoost.
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Fig. 4. Time series of mean temperature (°C), precipitation (mm), and
dominant wind direction (°) for the Shenzhen dataset in 2024.

Figure [5| and Figure [f] display the graphics of Temperature,
Precipitation, and Wind Direction, actual and forecasted values
generated by the NC-CC and XGBoost methods, based on 30
days of climate data from Belo Horizonte - day 170 - and
Shenzhen - day 225 - cities. The tables show accuracy rates,
error metrics, and performance across multiple prediction hori-
zons for temperature and precipitation. Results are analyzed
for each city, highlighting the behavior under distinct climatic
conditions.

Additionally, domain-specific metrics were considered, such
as the percentage of predictions within £1°C for temperature,
< 1mm for precipitation an +30° for main wind direction.
In all tables, the best values are highlighted in bold and blue.
In Accuracy Rates, the best values are maximum. In the error
metrics RMSE, MAE, MAPE and RMSE/sigma, the best value
is the minimum, as it quantifies the error between the predicted
and observed values. RMSE penalizes larger errors more heav-
ily because it is based on the square of the differences, while
MAE calculates the average of absolute differences, making it
more robust to outliers. MAPE expresses the average error in
percentage terms, which facilitates interpretation relative to the
actual value. The RMSE/o ratio compares the model’s error
to the natural variability of the data; the smaller this ratio, the
greater the model’s ability to explain the observed variation.
Therefore, low values in these metrics indicate more accurate
predictions and higher model quality.

A. Temperature Curve Adherence

As illustrated in Figures [5{a) and [5|b), and Figures [6(a)
and [f[b), both NC-CC and XGBoost demonstrate comparable
ability to follow actual temperature fluctuations in both cities.
However, NC-CC more closely tracked the variations, while
XGBoost produced smoother forecasts, which is consistent
with its bias toward minimising squared error; however, NC-
CC achieved the lower RMSE in Belo Horizonte while XG-
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TABLE I
ERROR METRICS AND TOLERANCE RATES FOR 30-DAY FORECASTS
(HORIZON = 30) FROM DAY 170 ON THE BELO HORIZONTE 2024 DATASET
AND FROM DAY 225 ON THE SHENZHEN 2024 DATASET

Metric Belo Horizonte (day 170)  Shenzhen (day 225)
NC-CC XGBoost NC-CC XGBoost
Temperature
RMSE (°C) 1.78 1.96 0.82 0.78
MAE (°C) 1.52 1.96 0.64 0.78
MAPE (%) 7.71 9.53 2.29 2.78
%+1°C 33.33 40.00 83.33 73.33
Precipitation
RMSE (mm) 4.45 0.184 18.40 11.60
MAE (mm) 1.06 0.184 12.40 11.60
SMAPE (%) 73.33 200.00 105.00 94.60
%< 1mm 86.67 100.00 96.67 96.67
Wind Direction
RMSE (°) 74.00 35.40 90.50 80.10
MAE (°) 52.10 35.40 72.30 80.10
MAPE (%) 28.94 19.66 40.16 44.52
%+30° 56.67 73.33 33.33 20.00

Boost edged ahead in Shenzhen. In Belo Horizonte, around the
day 20 of the forecast window, the real series show a sharp
drop on temperature; NC-CC follow this inflections closely as
well the pattern of the curves looks more as the real pattern,
while XGBoost looks more smooth, as seen in Figure Ekb).

In Shenzhen - day 225 - where climate variability is
markedly higher, the contrasting behaviors of the two methods
became more pronounced. The NC-CC method showed a
stronger adherence to local variations in temperature, more
closely mimicking the real fluctuations. This is particularly
evident in the temperature curve, where NC-CC achieved bet-
ter results in MAE and MAPE, as well as a higher proportion
of predictions within a +1°C tolerance (83.33% vs. 73.33%).

On the other hand, XGBoost generated smoother predic-
tions, showing a tendency to regularize abrupt changes. While
this smoothing effect contributed to slightly better RMSE
performance (0.78°C vs. 0.82°C), it came at the cost of
reduced sensitivity to local deviations — a pattern also visible
in the precipitation and wind components. These observations
are consistent with the theoretical design of each model: NC-
CC, being history-based and data-driven, tends to preserve
localized patterns; whereas XGBoost, through its ensemble
regularization, emphasizes global error minimization, resulting
in more stable but less reactive forecasts.

B. Precipitation: Rare Peaks and Overestimation

In Belo Horizonte, precipitation forecasting highlighted a
key distinction between the models: while NC-CC captured the
general absence of rainfall by correctly classifying 86.67% of
the days as rainy or not, it exhibited a notable overestimation
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Fig. 6. Comparison of 30-day climate forecasts for Shenzhen beginning on day 225, using (a) the NC-CC method and (b) XGBoost.

early in the forecast, predicting a sharp peak that did not
occur (Table m) After this initial error, NC-CC consistently
predicted zero precipitation, aligning well with the actual
dry pattern. In contrast, XGBoost avoided such peaks and
delivered perfect binary classification accuracy (100.00%),
with mild oscillations around zero that proved more effective
in dry conditions.

In Shenzhen, where rainfall is more frequent and intense,
both models correctly identified rainfall presence in 96.67%
of the cases under the Imm tolerance criterion (Table [I).
However, NC-CC again generated a high peak, reflecting
its tendency to overreact to isolated patterns. This behavior
contributed to its higher RMSE (18.40,mm vs. 11.60,mm) and
SMAPE (105.00% vs. 94.60%) when compared to XGBoost,
which, although imperfect in tracking peak intensities, main-
tained more consistent and moderate estimates. The results
suggest that XGBoost handles rainfall magnitude better in both
dry and wet conditions, while NC-CC may be more suitable
when the goal is to detect rain occurrence, even if not its
volume.

C. Wind Direction: Responsiveness to Oscillations

Wind direction, being a circular variable, demands special
consideration to avoid distortion near angular boundaries. In
this study, all metrics were computed using minimal arc
distances, but neither NC-CC nor XGBoost was designed

to model circularity explicitly. In Belo Horizonte, XGBoost
outperformed NC-CC in all error metrics — RMSE (35.40°
vs. 74.00°), MAE (35.40° vs. 52.10°), and MAPE (19.66% vs.
28.94%) — and achieved a higher rate of predictions within
+30° (73.33% vs. 56.67%) (Table . Its outputs exhibited
smoothed directional curves, favoring general trends but often
missing abrupt shifts.

In Shenzhen, where directional variability was more intense,
XGBoost again achieved the lowest RMSE (80.10° vs. 90.50°),
but NC-CC was more accurate in terms of MAE (72.30° vs.
80.10°), MAPE (40.16% vs. 44.52%), and notably achieved
a higher hit rate within +30° (33.33% vs. 20.00%) (Table [I).
These results suggest that XGBoost minimized large outliers,
but NC-CC better captured frequent, smaller variations, offer-
ing greater adherence to the path of directional changes. Still,
both methods would likely benefit from modeling approaches
that explicitly account for angular continuity, such as repre-
senting directions via sine and cosine components.

D. Integration Between Metrics and Curve Behavior

When integrating quantitative metrics with the forecasted
curve behaviors, we observe important trade-offs between the
two methods. In Belo Horizonte, both models present nor-
malized RMSEs above 1 for the 30-day temperature forecast
(Table M), indicating errors greater than the natural variability:
1.40 for NC-CC and 1.46 for XGBoost. Although this suggests
that neither model accurately tracks long-term variability in



TABLE 11
NC-CC AND XGBOOST — TEMPERATURE FORECASTING METRICS FOR DIFFERENT HORIZONS IN BELO HORIZONTE AND SHENZHEN. TRAINING AND
EVALUATION TIMES IN SECONDS.

Belo Horizonte

NC-CC (Preprocessing: 0.00194 s)

XGBoost (Training: 0.12373 s)

Days RMSE+SD MAE+SD MAPE (%) RMSE/c Eval. (s) RMSE+SD MAE+£SD MAPE (%) RMSE/c Eval (s)

1 0.98+£0.90 0.98+0.90 4.41 0.49 1.35228 1.16 £0.80 0.85 4 0.80 3.77 0.58 0.40340

7 2.17+1.32 1.86+1.21 8.37 1.07 2.46124 2.15+1.04 1.62+0.94 7.7 1.06 1.62305

15 253+1.11 2.114+1.00 9.54 1.23 4.06966 2.57+1.06 1.98 +0.98 8.73 1.26 3.35958

30 2.82+1.01 2.314+0.91 10.44 1.40 7.51244 297 +£1.11 2.33+£1.02 10.22 1.46 7.18469
Shenzhen

NC-CC (Preprocessing: 0.01288 s) XGBoost (Training: 0.12740 s)

Days RMSE+SD MAE+SD MAPE (%) RMSE/c Eval. (s) RMSE+SD MAE+SD MAPE (%) RMSE/c Eval (s)

1 1.43+£1.40 1.43+1.40 7.40 0.28 1.12590 1.54+1.08 1.09 +1.08 5.47 0.31 0.36752

7 296 +£2.10 2.54+1.93 13.40 0.61 2.40988 3.25+1.80 2.34+1.59 12.50 0.64 2.30697

15 3.46 £2.08 2.88+1.79 14.88 0.69 4.32344 3.80+£1.88 2.80+1.64 14.56 0.75 5.43177

30 3.99+2.22 3.304+1.93 16.10 0.84 7.23022 4.19+£191 3.17+£1.74 15.25 0.88 8.19315
TABLE III

PERCENTAGE OF FORECASTS WITHIN TOLERANCES — £1°C, <1MM AND *30° — FOR DIFFERENT HORIZONS IN BELO HORIZONTE AND SHENZHEN.

Days Temp. (x1°C) Prec. (<1mm) Wind (£30°)
NC-CC (%) XGBoost (%) NC-CC (%) XGBoost (%) NC-CC (%) XGBoost (%)
Belo Horizonte
1 61.10 69.70 75.20 71.80 60.20 62.80
7 38.70 42.81 60.43 57.51 54.26 62.09
15 32.75 34.69 61.19 57.20 50.75 59.91
30 29.83 29.10 60.29 56.94 52.53 61.50
Shenzhen
1 49.40 59.20 73.20 76.50 54.90 63.80
7 31.96 35.07 65.96 61.26 38.89 40.29
15 28.67 29.30 62.95 56.51 34.46 37.45
30 25.94 26.25 59.92 55.47 32.08 32.35

absolute terms, across the 30-day window NC-CC delivers the
lowest RMSE at 1, 15 and 30 days and the best RMSE/o on
three of the four horizons, while XGBoost keeps a modest
advantage in MAE on the shorter horizons. In Shenzhen,
the relative performance improves for both methods, with
RMSE/o remaining below 1 for all horizons (Table [[). NC-
CC outperforms XGBoost at every horizon in this metric —
for example, at 30 days: 0.84 for NC-CC versus 0.88 for
XGBoost — indicating a better capacity to capture temperature
variability over time.

Considering the percentage of predictions within predefined
tolerance thresholds — +1,° C for temperature, < 1,mm for
precipitation, and £30° for wind — different patterns emerge
(Table [M). For temperature, XGBoost has the higher +1 °C
hit-rate over the first three horizons (e.g., 42.81 % vs 38.70%
at 7 days), while NC-CC edges ahead at 30 days (29.83 %
vs 29.10 %), as seen on (Table [ITI). This suggests a tendency
of XGBoost to produce predictions more concentrated around
observed values, a pattern reflected in its higher hit-rate
inside the +1 °C band. On the other hand, for precipitation,
NC-CC outperforms XGBoost in most horizons and in both

cities, particularly in Belo Horizonte: at the 30-day mark,
NC-CC achieves 60.29% of correct classifications (rain/no-
rain) within the I,mm threshold, compared to 56.94% for
XGBoost (Table [II). This aligns with the visual inspection
in Figure [3[a), where NC-CC effectively captures extended
dry periods despite overestimating early in the horizon. For
wind direction, XGBoost demonstrates a clear advantage in
most cases, with higher tolerance rates in both locations. At
30 days in Belo Horizonte, it reaches 61.50% within £30°,
while NC-CC attains 52.53% (Table , reflecting XGBoost’s
smoother behavior in angular trends.

In summary, NC-CC tends to better preserve climate struc-
ture and variability, especially in temperature and precipitation
under longer horizons, while XGBoost excels in generating
concentrated forecasts that improve hit rates within strict
tolerances, particularly in more stable variables such as wind
direction. The choice between methods thus depends on
whether the forecasting goal prioritizes structural adherence
and variability (favoring NC-CC) or local precision and error
minimization (favoring XGBoost).



V. CONCLUSION

This paper presented NC-CC (Norm—Cosine for Convex
Combination) as an unsupervised, history-based strategy for
multi-step climate prediction and compared it with the well-
established XGBoost. Using six years of daily records for Belo
Horizonte (Brazil) and Shenzhen (China), we ran 1 000 Monte-
Carlo trials over four prediction horizons (k = 1,7, 15, 30).

Across the longer horizons (k > 15), NC-CC consistently
matched or surpassed XGBoost in RMSE, MAE and MAPE
for temperature and precipitation, while keeping RMSE /o <
1 on the more volatile Shenzhen series. At the one-day
horizon, however, XGBoost retained a slight edge in absolute
errors and in the proportion of temperature estimates within
the £1°C band, underscoring its strength in very short-term
regression. For precipitation, NC-CC proved more reliable in
flagging rain events within the < 1 mm tolerance, whereas
XGBoost provided smaller volumetric errors—revealing a
clear trade-off between detecting an event and estimating
its magnitude. A similar pattern emerged in wind direction:
XGBoost produced smoother angular trajectories and therefore
higher hit rates inside the £30° window, but NC-CC followed
rapid oscillations more closely, albeit with larger outliers.

Beyond accuracy, the two models diverge sharply in op-
erational cost. NC-CC requires only a millisecond-scale pre-
processing pass and no supervised training, making it easy
to embed on modest hardware. XGBoost, while still fast at
inference, demands explicit training, feature engineering and
hyper-parameter tuning—a heavier burden in situations where
rapid deployment or on-device computation is essential.

Naturally, the proposed approach is not without limitations.
Its reliance on a single nearest neighbour can exaggerate
isolated rainfall peaks, and—Ilike XGBoost—it treats wind
direction as a linear variable, which can distort circular statis-
tics. We also restricted the analysis to daily aggregates; sub-
daily resolutions or other climatic zones may reveal different
behaviours.

Future work will therefore focus on adaptive weights be-
tween norm and cosine components, multi-neighbour (vecto-
rial k-NN) extensions and hybrid ensembles that blend NC-
CC’s local sensitivity with the global generalisation of tree-
boosting.

In sum, a carefully designed non-parametric analogue
method such as NC-CC can rival—and sometimes
surpass—state-of-the-art ~ supervised models, reminding
us that simplicity, when aligned with domain structure,
remains a powerful asset in climate time-series forecasting.
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