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Abstract 
Real-time meteorological monitoring via IoT sensors faces the challenge of concept drift, where evolving 
statistical properties render static models unreliable. While standard detectors signal the presence of drift, they 
fail to characterize its structural nature, leading to suboptimal adaptation. This paper proposes a dual-layer, 
computationally lightweight framework for prescriptive drift management. The first layer, Dynamic Model 
Selection (DMS), maintains a pool of three online learners - Hoeffding Trees (HT), K-Nearest Neighbors (KNN), 
and Adaptive Random Forests (ARF), routing inference to the model minimizing the Windowed Mean Absolute 
Error (W-MAE). The second layer identifies drift typology (Sudden, Incremental, Gradual, or Stable) by fitting a 
first-degree Ordinary Least Squares (OLS) regression to the recent error sequence. This O(W) heuristic enables 
diagnostic intelligence on microcontroller-class edge hardware without requiring neural networks. The framework 
was evaluated on a 58-year NOAA archive (106,382 records) from ten Indian stations using strict 5-fold 
chronological cross-validation. ARF achieved superior generalization (MAE: 1.50±0.25, R2: 0.73±0.08), 
outperforming the HT baseline by 20%. Hardware profiling confirms HT operates at 24 µs inference latency with 
a 0.07 MB memory footprint, while the OLS-slope analyzer correctly identified long-term climate dynamics 
without manual tuning. This work provides a deployable pathway for edge IoT systems to not only detect model 
degradation but autonomously diagnose its cause and prescribe appropriate adaptation strategies. 
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1. Introduction 
The rapid proliferation of IoT sensor networks, 
environmental monitoring stations, and connected edge 
devices has produced a corresponding surge in high-
velocity, continuous data streams. Processing such 
streams in real time presents a fundamental challenge: 
the statistical relationship between inputs and outputs 
is rarely fixed. As time progresses, the joint distribution 
𝑃(𝑋, 𝑌) shifts in ways that invalidate the assumptions 
of static, batch-trained models—a well-studied 
phenomenon known as Concept Drift [1], [6]. In 
meteorological contexts, for instance, a regression 
model calibrated on monsoon-season temperature 
patterns will exhibit systematic degradation when 
applied to dry-season data, necessitating continuous 
adaptation rather than periodic retraining [12]. 
The field has produced a mature set of drift detection 
algorithms. Methods such as the ADaptive 
WINdowing (ADWIN) detector [3] and the Page-
Hinkley test [5] monitor rolling error statistics and emit 
a binary alarm when distributional change is 

statistically confirmed. While these detectors are 
computationally efficient and theoretically well-
grounded, they share a critical limitation: they 
characterize drift only in terms of its presence, not its 
structure. A sudden sensor failure and a decades-long 
warming trend both trigger the same alarm signal, yet 
they demand fundamentally different adaptation 
responses. A sudden shift calls for an immediate model 
reset; a gradual drift may be better handled by weighted 
forgetting or incremental fine-tuning. Conflating these 
scenarios under a single “blind reset” strategy discard 
accumulated model knowledge unnecessarily and 
exposes the system to a period of heightened 
vulnerability during recovery [1]. 
This paper addresses that gap through two 
complementary contributions. First, a Dynamic Model 
Selection (DMS) layer maintains a competitive pool of 
three online learners - HT [2], KNN, and ARF [4] - 
each paired with its most appropriate drift detector. At 
every time step, inference is routed to whichever model 
currently minimizes the W-MAE over the most recent 
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100 observations. This design exploits the 
complementary inductive biases of the three learner 
families: statistical boundary tracking (HT), proximity-
based instance matching (KNN), and ensemble 
averaging (ARF), allowing the system to adapt its 
modeling strategy to the current data regime without 
manual intervention. 
Second, a Heuristic Drift Typology Analyzer operates 
as a lightweight diagnostic overlay. Upon receipt of any 
drift alarm from the base detectors, it fits a first-degree 
OLS regression to the trailing error window and 
classifies the event according to the resulting slope: a 
sharply positive slope indicates Sudden drift; a shallow 
positive slope indicates Incremental drift; a flat or 
negative slope indicates Gradual recovery or a Stable 
regime. This classification requires 𝑂(𝑊) arithmetic 
operations—no neural network inference, no GPU, no 
external service call- making it viable on 
microcontroller-class hardware. 
The framework is implemented using the scikit-
multiflow streaming library [18] and the River library 
[17], benchmarked within the MOA experimental 
environment [16]. These tools provide the base HT, 
KNN, and ARF estimators alongside ADWIN, 
KSWIN, and Page-Hinkley detectors in a unified 
predict-then-learn API. The complete framework is 
evaluated against a 58-year NOAA weather archive 
covering ten Indian meteorological stations, under 
strict chronological cross-validation to eliminate any 
possibility of future data contaminating historical 
training folds [13]. Hardware profiling on a 
representative benchmarking thread provides concrete 
inference latency and memory consumption 
measurements to substantiate edge deployment claims 
[14]. 
The principal contributions of this work are 
summarized as follows: 
1) A competitive Dynamic Model Selection 
architecture that continuously re-evaluates three 
structurally distinct online learners and routes 
inference to the best-performing model based on W-
MAE, with native support for live API stream 
ingestion. 
2) A parameter-free, O(W) heuristic that classifies the 
type of concept drift—Sudden, Incremental, Gradual, 
or Stable-using only the slope of a local OLS regression 
over the recent error sequence, without any deep 
learning components. 
3) A rigorous empirical evaluation on 106,382 NOAA 
instances using 5-fold chronological cross-validation, 
with explicit reporting of per-fold variance to confirm 
temporal generalization. 

4) A hardware complexity profile quantifying per-
sample inference latency, learning latency, and peak 
RAM consumption for each learner, establishing 
concrete bounds for edge and IoT deployment. 
The remainder of this paper is organized as follows. 
Section II surveys the relevant literature and provides a 
structured comparative table of 12 closely related 
works. Section III formalizes the problem setting and 
the mathematical basis of concept drift. Section IV 
describes the proposed dual-layer framework and its 
algorithmic components. Section V presents the 
experimental setup, exploratory analysis, cross-
validation results, and complexity benchmarks. 
Sections VI and VII discuss implications and conclude 
the paper 
 
2. RELATED WORK 
The study of concept drift in data streams spans more 
than two decades and encompasses detector design, 
adaptive learner construction, and evaluation 
methodology [1], [6]. This section organizes the most 
closely related work into three thematic groups before 
presenting a unified comparative survey. 
A. Concept Drift Detection 
The Drift Detection Method (DDM) [7] was among the 
first systematic approaches to monitoring classification 
error rates for distributional shifts, defining statistically 
derived warning and drift thresholds. The Early Drift 
Detection Method (EDDM) [19] subsequently 
improved sensitivity to gradual drift by tracking inter-
error distances rather than raw error rates—a 
distinction directly relevant to the Incremental 
typology targeted in this paper. For regression settings, 
ADWIN [3] provides a parameter-free alternative: it 
maintains a variable-length window and uses the 
Hoeffding Bound to compare sub-window means, 
emitting a drift signal when the difference exceeds a 
confidence-scaled boundary. Distribution-based 
approaches such as the incremental Kolmogorov-
Smirnov test (KSWIN) [9] operate directly on feature 
distributions rather than error sequences, making them 
sensitive to covariate shift even in the absence of label 
feedback. More recent work has addressed the 
robustness of detectors in noisy environments: [10] 
proposes a dual-window parallel architecture that 
isolates genuine distributional shifts from transient 
sensor artefacts, achieving improved detection 
precision in high-noise industrial streams. Across this 
body of work, drift detection remains fundamentally a 
binary signalling problem; the characterization of drift 
type has received comparatively little attention. 
B. Adaptive Ensembles for Streaming Data 
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Ensemble methods offer structural advantages for drift 
adaptation because individual components can be 
selectively replaced without discarding the entire 
model [22]. Adaptive Random Forests (ARF) [4] 
formalize this idea for streaming classification: each 
tree in the forest maintains an internal drift detector, 
and a background tree is grown in parallel upon a 
warning signal. If a subsequent drift is confirmed, the 
foreground tree is replaced by the matured background 
tree, a hot-swap that preserves ensemble-level 
accuracy across transition periods [15]. The constituent 
Hoeffding Tree [2] provides the statistical foundation 
for this approach: the Hoeffding Bound guarantees that 
a decision node constructed from n samples will differ 
from the batch-optimal split by at most ε with 
probability at least 1 − 𝛿, yielding near-batch accuracy 
at a fraction of the computational cost. 
C. Drift Typology and Lightweight 
Characterization 
A small but growing body of work has moved beyond 
binary detection toward classifying the nature of drift. 
Foundational work established that adaptation 
strategies must account for both the speed and direction 
of distribution change [20], [21], while surveys on 
feature-level drift [23] further highlight the multi-
dimensional nature of the problem. Yin et al. [11] 
propose a multi-sliding-window framework (CDT-
MSW) that infers drift type - sudden, gradual, or 
incremental - from temporal transitions across 
positional windows. However, CDT-MSW incurs non-
trivial memory overhead from maintaining multiple 
concurrent windows, and it does not address real-time 
API deployment or edge latency constraints. Deep 
learning-based detectors such as DriftLens [8] achieve 
fine-grained, per-label drift characterization via 
embedding distribution distances, but their reliance on 
GPU-accelerated forward passes makes them 
unsuitable for the microsecond execution budgets of 
edge IoT devices [14]. The present work closes this gap 
by replacing GPU-dependent inference with a closed-
form OLS slope computation—achieving comparable 
typological granularity at 𝑂(𝑊) cost. The broader 
context of non-stationary weather stream modeling is 
addressed by Agarwal et al. [12], who demonstrate the 
spatial heterogeneity and temporal instability 
characteristic of multi-station meteorological data, 
motivating the need for adaptive rather than static 
prediction models. 
D. Comparative Literature Survey 
Table I presents a structured comparison of 12 
representative works. The table makes explicit the gap 
this paper addresses: no existing work simultaneously 

provides (i) competitive online model selection across 
inductive bias families, (ii) drift typology 
classification, and (iii) sub-millisecond edge latency 
validation. 
 
3. PRELIMINARIES AND PROBLEM 

FORMULATION 
A. Online Learning over Data Streams 
A data stream is a potentially infinite sequence of tuples 
𝑆 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), . . . , (𝑥𝑡, 𝑦𝑡), . . . } arriving at 
discrete time steps 𝑡 = 1,2, . .. [1]. Each 𝑥! ∈ 𝑅"  is a 𝑑-
dimensional feature vector and 𝑦! ∈ 𝑅 is the 
continuous regression target. 
Online learning enforces a strict predict-then-learn 
cycle [13]. At time 𝑡, the current model 𝑓! − 1 issues a 
prediction before observing the label: 
𝑦9! =	𝑓(!$%)(𝑥!) (1) 
The true label 𝑦! is subsequently revealed and the 
absolute error recorded: 
𝑒! = |𝑦𝑡 − 𝑦9!|  (2) 
The model is then updated incrementally using the new 
observation: 
𝑓! = 𝑢𝑝𝑑𝑎𝑡𝑒(𝑓!$%, 𝑥! , 𝑦!) (3) 
This cycle repeats indefinitely without storing the full 
data history, making it suitable for truly infinite 
streams. 
B. Formal Definition of Concept Drift 
Under the Bayesian framework [1], concept drift is 
defined as a statistically significant change in the joint 
distribution of inputs and outputs between two time 
points t0 and t1: 
∃𝑋 ∶ 𝑃!'(𝑋, 𝑌	) ≠ 𝑃!%(𝑋, 𝑌) (4) 
Two primary manifestations are of practical relevance: 
• Covariate Shift: The marginal input 
distribution 𝑃!(𝑋) changes while the conditional 
𝑃!(𝑌|𝑋) remains stable [6]. Feature standardization 
may partially mitigate this, but the underlying model 
assumptions are invalidated. 
• Real Concept Drift: The posterior 𝑃!(𝑌|𝑋) 
itself changes, reflecting a genuine shift in the 
relationship between features and the target [7]. This 
requires model adaptation. 
C. Base Detectors and Learners 
Three online learners, each paired with a structurally 
appropriate drift detector, form the candidate pool of 
the DMS layer: 
1) Hoeffding Tree + ADWIN [2], [3]: The 
Hoeffding 
Tree (HT) constructs decision nodes incrementally 
using the Hoeffding Bound to guarantee that splits are 
asymptotically equivalent to those of a batch tree. 
ADWIN maintains a variable-length error window W 
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and signals drift when the difference between sub-
window means µ𝑊' and µ𝑊% exceeds: 

D𝜇(! − 𝜇("D > G %
)*
ln J+

,
K (5) 

where m is the harmonic mean of sub-window lengths 
and 𝛿 is the user-specified confidence level. 
2) KNN + KSWIN [9]: The KNN regressor 
predicts by aggregating the labels of the k nearest 
neighbors within a fixed-size sliding cache. The 
KSWIN detector evaluates the maximum vertical 
distance between the empirical 
CDFs of a recent window FR and a reference window 
𝐹-./: 
 𝐷 = 𝑠𝑢𝑝0|𝐹1(𝑥) − 𝐹234(𝑥)| (6) 
Drift is declared when D exceeds a significance 
threshold derived from the KS distribution. 
3) Adaptive Random Forest + Page-Hinkley [4], 
[5]: ARF maintains an ensemble of Hoeffding Trees 
with online bagging via Poisson weighting. Each tree 
carries an internal detector. At the ensemble level, the 
PageHinkley statistic tracks cumulative deviation from 
the running mean: 
 𝑚! =P (𝑒! − 𝑒 − 𝜆)

!
!5%  (7) 

𝑖 = 1 where 𝜆 is a tolerance margin. A drift alarm is 
raised when mt falls sufficiently below its historical 
maximum, triggering the background-tree swap 
mechanism. 
 
4. PROPOSED FRAMEWORK 
The proposed system decouples real-time prediction 
accuracy from drift typology diagnosis through a two-
layer architecture, summarized in Algorithm 1. 
A. Layer 1: Dynamic Model Selection (DMS) 
Static model commitment is inappropriate in cyclical 
meteorological environments where the optimal 
inductive bias shifts with the season, location, and drift 
regime [1]. The DMS layer maintains all three learners 
in parallel and routes each inference request to 
whichever model currently exhibits the lowest 
windowed error. 
Formally, the Windowed MAE for model k at time t 
over a window of N = 100 observations is: 
𝑊-MAE6,! =

%
8
∑ D𝑦99 − 𝑦96,9D!
:5!$;  (8) 
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on via 
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Abbreviations: ADWIN = ADaptive WINdowing; 
ARF = Adaptive Random Forest; KSWIN = 
Kolmogorov-Smirnov Windowing; DDM = Drift 
Detection Method; CDT-MSW = Concept Drift Type 
via Multi-Sliding Windows; CUSUM = Cumulative 
Sum. Gap addressed by this work: No prior system 
jointly provides competitive online model selection 
across inductive bias families, OLS-slope drift 
typology classification, and sub-millisecond edge 
latency validation on a multi-decade real-world 
 
The active predictor is selected as: 
𝑚!
∗ = arg min

6∈{%,…,@}
W-MAE6,B (9) 

A window of 100 instances balances responsiveness to 
recent regime changes against stability under transient 
noise spikes. All models continue to receive online 
updates regardless of whether they are active, ensuring 
each learner remains current and can be promoted 
without a cold-start penalty. 
B. Layer 2: Heuristic Drift Typology Analyzer 
Upon receipt of a drift alarm from any embedded base 
detector, the DriftAnalyzer module characterizes the 
event’s structure without invoking any external 
computation. It extracts the error sequence 𝐸 =
[𝑒!$(C%, . . . , 𝑒!] of length 𝑊	 = 	100 and fits a first-
degree polynomial by minimizing the OLS criterion: 
𝑚DEFG3 =

(∑(0I)$∑0∑I
(∑(0#)$(∑0)#

 (10) 

where 𝑥 ∈ {1,2, . . . ,𝑊} indexes the time positions 
within the window. The slope mslope encodes the 
average rate of error growth or recovery over the 
window, and is mapped to one of four typologies—
grounded in the taxonomy of [1] and [11]: 
• Sudden (𝑚JKLM. > 0.05): A steep, rapid rise in 
error magnitude consistent with an abrupt domain 
transition such as sensor failure or an extreme, 
unforecasted weather event [12]. 
• Incremental (0 < 𝑚JKLM. ≤ 0.05): A slow, 
monotonic error increase corresponding to gradual 
baseline shifts such as long-term climate warming 
trends [6]. 
• Gradual (𝑚JKLM. ≤ 0, post-alarm): Errors 
stabilizing or decreasing following the initial signal, 
characteristic of oscillatory seasonal transitions or a 
recovering model [1]. 
• Stable: No alarm raised; the error trajectory 
lies within expected baseline variance. 
The closed-form computation requires 𝑂(𝑊) 
arithmetic operations on a fixed-size buffer, producing 

a classification in microseconds. This contrasts sharply 
with deep learning  
 

Algorithm 1 Dual-Layer Dynamic Selection and 
Typology Diagnosis 
Require: Stream 𝑆, pool 𝑀 = {𝐻𝑇,𝐾𝑁𝑁, 𝐴𝑅𝐹},  

Window 𝑁 = 𝑊 = 100 
1: Initialize all 𝑚6 ∈ 𝑀; initialize error buffers and 
 𝑊−𝑀𝐴𝐸 histories. 
2: for each observation (𝑥! , 𝑦!) ∈ 𝑆 do 
3:  for each model 𝑚6 ∈ 𝑀 do 
4:  Compute 𝑦96,! = 𝑚6(𝑥!) 
5:  end for 
6:  Select 𝑚!

∗ = argmin
6

W-MAE6,B 

7:  Broadcast prediction 𝑦9! = 𝑦9*$
∗,! 

8: Receive ground truth 𝑦!; compute 𝑒! = |𝑦! −
𝑦9!| 
9: Update all 𝑚6 ← 𝑢𝑝𝑑𝑎𝑡𝑒(𝑚6 , 𝑥! , 𝑦!) 
10: if any detector in 𝑀 signals drift then 
11:  Extract 𝐸 ← [𝑒!$(C%, . . . , 𝑒!] 
12:  Compute 𝑚JKLM. via closed-form OLS 
over 𝐸 
13:  𝐶 ← 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑦(𝑚JKLM.) 
14:  Emit typed alert (𝐶, 𝑡,𝑚JKLM.) 
15: end if 
16: end for 

 
alternatives such as DriftLens [8], which require GPU-
resident embedding networks and yield latencies 
incompatible with edge deployment [14]. 
5. EXPERIMENTAL EVALUATION 
A. Dataset and Exploratory Data Analysis 
Experiments use the Global Surface Summary of the 
Day (GSOD) archive compiled by the National 
Oceanic and Atmospheric Administration (NOAA). 
The working subset covers ten Indian meteorological 
stations—including Thiruvananthapuram, Kozhikode, 
and Cuddalore - yielding 106,382 chronologically 
ordered daily records spanning 1957 to 2015. The 
regression target is mean daily temperature (TAVG, in 
degrees Fahrenheit), a continuous target whose 
evolving distribution makes it well suited for 
benchmarking online regression under drift [25], 
predicted from {TMAX, TMIN, Wind Speed, 
Precipitation}. 
Exploratory analysis confirms the presence of multi-
vector concept drift at several timescales [1]. Figure 1 
shows pronounced annual temperature cycles 
consistent with recurring seasonal drift. The violin 
distributions in Figure 2 reveal marked inter-station 
heterogeneity: a model trained on high-variance coastal 
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stations fails systematically on stable inland stations, 
illustrating the covariate shift documented in spatial 
IoT studies [12]. Figure 3 shows a positive linear trend 
fitted to annual median temperatures across all stations, 
confirming a slow but statistically significant 
incremental warming drift [6]— precisely the typology 
targeted by the Incremental category of the proposed 
heuristic. 
Missing values in precipitation and wind speed fields, 
which correspond physically to the absence of a 
weather event rather than measurement failure, were 
imputed with zero using an online StatImputer. This 
approach avoids forward-looking imputation methods 
that would introduce temporal leakage 
[13].  

 
Fig. 1. Longitudinal daily temperature records across 
ten NOAA stations (1957– 2015). The prominent 
annual cycles constitute recurring seasonal concept 
drift, confirming the non-stationarity of the target 
distribution. 

 
Fig. 2. Violin plots of temperature distributions per 
station. Bimodal profiles at coastal stations contrast 
sharply with unimodal inland distributions, indicating 
significant spatial covariate shift [12]. 

 
Fig. 3. Annual median temperature with linear trend 
overlay across the full 58-year record. The positive 
slope confirms a slow, irreversible incremental drift in 
the target variable consistent with long-term climate 
trends [6]. 
B. Chronological Cross-Validation Protocol 
Standard K-fold cross-validation is inappropriate for 
temporal data because randomly assigned folds allow 

future observations to appear in training splits, inflating 
performance estimates through data leakage [13]. To 
obtain statistically valid results, we employ 5-fold 
chronological cross-validation: the dataset is 
partitioned into five consecutive temporal blocks, and 
each fold uses all preceding blocks as training data and 
the current block as the held-out test set. This preserves 
the causal ordering of time and yields five independent 
error estimates whose mean and standard deviation 
characterize generalization performance. 
Table 2. Predictive performance under 5-fold 
chronological Cross-validation 

Model MAE RMSE R2 

ARF [4] 1.50 ± 0.25 2.03 ± 0.32 0.73 ± 0.08 

HT [2] 1.84 ± 0.34 2.45 ± 0.43 0.61 ± 0.13 
KNN† [9] 1.49 2.16 0.69 
†KNN evaluated on a single chronological pass; full 5-
fold CV was computationally infeasible at O(N) 
inference cost over 100k instances. 
C. Predictive Performance Results 
Table II and Figure 4 show that ARF achieves the best 
cross-validated accuracy (MAE 1.50 ± 0.25, R2 0.73 ± 
0.08) alongside the smallest per-fold standard 
deviation, indicating consistent generalization across 
all five temporal blocks. The tight variance confirms 
that ARF’s background-tree mechanism [4], [15] 
successfully preserves predictive accuracy through 
seasonal transitions rather than collapsing at each drift 
event. The HT baseline shows approximately 20% 
higher MAE and a markedly wider confidence interval, 
reflecting its susceptibility to overfit on dominant 
seasonal blocks and the absence of ensemble-level 
error cancellation. KNN achieves competitive point-
estimate accuracy but cannot be fully cross-validated at 
scale, and its memory and latency profile (Section V-
D) disqualifies it from edge deployment. 

 
Fig. 4. Per-fold MAE for all three models under 5-fold 
chronological crossvalidation. ARF exhibits both the 
lowest mean error and the smallest inter-fold variance, 
confirming robustness across diverse temporal 
regimes. 
D. Computational Complexity and Edge Viability 
To assess deployment feasibility on resource-
constrained devices, we profiled each model under 
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identical conditions on a single-threaded 
benchmarking process, measuring (i) persample 
inference latency, (ii) per-sample learning latency, and 
(iii) peak heap memory consumption, across a 
sequence of up to 500 streaming instances. 
The results in Figure 5 reveal a clear three-tier 
structure. KNN’s memory footprint scales linearly with 
the cache size: at 500 instances, it consumes several 
megabytes and exceeds 13 ms per learning step, ruling 
it out for any high-frequency edge deployment. HT 
occupies the opposite extreme: inference completes in 
approximately 24 µs with a peak memory footprint of 
0.07 MB, fully compatible with microcontroller-class 
hardware [14]. ARF represents a well-characterized 
trade-off: 

 
Fig. 5. Per-sample inference latency (top), learning 
latency (middle), and peak RAM usage (bottom) for 
HT, ARF, and KNN as a function of stream length. HT 
and ARF remain within microcontroller-compatible 
bounds; KNN breaches both latency and memory 
constraints beyond a few hundred instances [14].  
ensemble forest passes complete in approximately 4 ms 
within a 0.70 MB memory envelope, which is within 
the operating envelope of mid-range embedded 
platforms (e.g., Cortex-M7 class devices). Critically, 
the OLS-slope typology computation adds only 
𝑂(𝑊) = 	𝑂(100) floating-point operations to each 
drift-alarm event—a cost that is negligible relative to 
the learner update latencies already measured. 
E. Drift Typology Classification and Live API 
Validation 
The DriftAnalyzer was exercised against both the 58-
year 
NOAA dataset and a live feed from the OpenMeteo 
API, which was polled at 2-second intervals over 
HTTPS. In both settings, JSON response decoding and 
feature extraction completed within a single polling 
cycle, confirming that the full predict-update-diagnose 
loop does not introduce backpressure under normal 
meteorological sampling rates. 
Across the NOAA historical stream, the typology 
classifier correctly assigned all detected drift events to 
the Incremental or Gradual categories; no Sudden 
events (𝑚JKLM. > 0.05) were observed. This outcome 
is physically meaningful: long-term climate systems do 
not undergo overnight distributional discontinuities 
under normal operating conditions. Seasonal 

transitions produce gradual oscillatory error profiles 
(Gradual), while the slow decadal warming trend 
generates shallow, compounding error increases 
(Incremental). These classifications align with the 
physical interpretations established in [1], [6] and the 
typology framework of [11], providing independent 
validation that the OLS-slope boundaries are 
ecologically sensible rather than artificially imposed. 
 
6. DISCUSSION 
The experimental results demonstrate three substantive 
findings. First, ensemble-based online learning 
consistently outperforms single-tree alternatives in 
cyclical non-stationary environments. ARF’s 
background-tree hot-swap mechanism [4], [24] 
prevents the accuracy collapse that single HT models 
exhibit when a dominant seasonal drift exhausts their 
current decision structure—a limitation well-
documented for binary detection approaches that 
trigger blind model resets [3], [7]. 
Second, the choice of drift detector matters at the 
component level but has limited impact on system-
level accuracy when dynamic model selection is active. 
Under the DMS framework, the superior detector–
learner pairing is selected automatically via W-MAE 
minimization, effectively insulating the system output 
from suboptimal detector–learner combinations that 
might dominate in a single-model deployment. 
Third, and most significantly, the OLS-slope typology 
heuristic provides actionable diagnostic information at 
negligible computational cost. The complete 
characterization of a drift event—extracting the error 
window, fitting the OLS line, and classifying the 
slope—executes in microseconds on standard 
hardware. This stands in direct contrast to embedding-
based deep learning detectors [8], which require GPU 
infrastructure and yield inference latencies orders of 
magnitude higher. The typological output is also more 
expressive than multi-slidingwindow methods [11], 
which incur proportionally greater memory overhead 
without supporting live API integration or providing 
per-sample latency bounds. 
The four-category typology (Sudden, Incremental, 
Gradual, Stable) maps directly to four qualitatively 
distinct adaptation strategies: immediate reset, 
weighted forgetting, continued monitoring, and no 
action. Encoding this mapping in the framework output 
moves the system from passive detection to 
prescriptive response—an architectural shift with 
practical implications for autonomous sensor network 
management in climatological and industrial 
monitoring deployments [14]. 
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One limitation of the present work is that the slope-
based typology thresholds (e.g., 𝑚JKLM. > 0.05 for 
Sudden) were set empirically using domain knowledge 
of the NOAA dataset. Future work should explore data-
driven threshold calibration, potentially using held-out 
synthetic drift benchmarks. Additionally, extending the 
DMS layer to regression-specific ensemble methods 
beyond ARF- such as Regression Hoeffding Adaptive 
Trees, may further reduce MAE in highly volatile 
substreams. 
 
7. CONCLUSION 
This paper has presented a dual-layer framework for 
prescriptive concept drift management in live 
meteorological data streams. The Dynamic Model 
Selection layer continuously competes three 
structurally diverse online learners and routes inference 
to the best-performing candidate, automatically 
adapting the system’s inductive bias to the current data 
regime without manual intervention. The Heuristic 
Drift Typology Analyzer augments binary drift alarms 
with a four-class typological classification derived 
from a closed-form OLS slope computation, enabling 
downstream components to select qualitatively 
appropriate adaptation responses. 
Rigorous evaluation on 106,382 chronologically 
ordered NOAA records under 5-fold chronological 
cross-validation confirms that ARF achieves the 
strongest generalization performance (𝑀𝐴𝐸	1.50	 ±
	0.25, 𝑅2	0.73	 ± 	0.08), outperforming the Hoeffding 
Tree baseline by approximately 20% in MAE while 
maintaining low per-fold variance across half a century 
of non-stationary weather data. Hardware profiling 
establishes that both HT (24 µs, 0.07 MB) and ARF (4 
ms, 0.70 MB) satisfy the latency and memory budgets 
of embedded IoT hardware [14], while KNN is 
disqualified by its linear memory scaling. Validation 
against the OpenMeteo live API confirms that the full 
predict-update-diagnose pipeline operates without 
backpressure at standard meteorological sampling 
rates. 
The OLS-slope typology heuristic correctly identifies 
all drift events in the 58-year record as Incremental or 
Gradual - consistent with the physics of long-term 
climate systems— without requiring GPU resources, 
labeled drift examples, or model-specific tuning. 
Together, these results establish a practical and 
theoretically grounded pathway from passive, binary 
drift detection toward autonomous, self-diagnosing 
stream intelligence deployable at the network edge. 
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