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Featured Application: The proposed framework supports the deployment of millimeter-wave
radar sensors for robust human activity monitoring, even under through-wall or occluded
scenarios, such as elderly fall detection in indoors and sleep monitoring in bedrooms where
camera-based sensing is unsuitable.

Abstract

Millimeter-wave (mmWave) detection is a widespread human activity recognition (HAR) method.
However, due to the mmWave characteristics, it is challenging to perform HAR in non-line-of-sight
(NLOS) environments. Before the prevalence of artificial intelligence (Al) technologies, mmWave-
based HAR systems mainly relied on traditional signal processing and handcrafted feature extraction
(e.g. time—frequency analysis, multi-path modeling, micro-Doppler signature analysis), combined
with classical classifiers such as Support Vector Machine (SVM) or Random Forest. However, these
approaches were highly sensitive to environmental variations and failed to generalize in NLOS
conditions. With the advent of Al, techniques such as Convolutional Neural Network (CNN) have
played a crucial role in feature extraction from two-dimensional images generated by mmWave radar
signals. In this paper, for the first time, a framework for Federated Continual Learning (FCL) based
on CNN is proposed for improving radar detection accuracy in NLOS environments while preserving
personal privacy through local training without uploading radar tensors and personal data to the
global server for model aggregation. Additionally, the FCL model learns from both LOS and NLOS
environments for improving cross-domain adaptability and recognition.

Keywords: federated continual learning; millimeter-wave; human activity recognition; line-of-sight;
non-line-of-sight; domain shift; convolutional neural network; catastrophic forgetting; domain
generalization

1. Introduction

Human activity recognition (HAR) has become a fundamental component in many intelligent
systems, including smart homes, healthcare monitoring, human—computer interaction, and safety
monitoring. Nowadays, chip-integrated millimeter-wave (mmWave) radar sensors are popular in
many applications. When networked for an application such as HAR, these sensors can be considered
as Internet-of-Things (IoT) devices, and the HAR can be seen as an loT-based system. Compared to
traditional vision-based sensing, mmWave radar sensors provide better privacy protection and
exhibit strong adaptability to diverse environmental conditions [1]. The operating frequency range
of mmWave radar, between 30 and 300 GHz, enables the capture of fine-grained motion patterns by
analyzing reflected electromagnetic signals. These advantages make mmWave radar one of the best
choices for non-invasive and contactless HAR systems [2].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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In mmWave radar, Frequency-Modulated Continuous-Wave (FMCW) frames are converted into
single-channel two-dimensional (2D) tensors such as range— or micro-Doppler, which serve as image-
like inputs while avoiding identity-revealing appearance. On the other hand, machine learning
techniques such as Federated Learning (FL) where each client holds disjoint data shards and only
transmits model updates to the server without sharing raw radar frames, ensure data privacy.
Aggregation uses Federated Averaging (FedAvg) to approximate on-device learning under privacy
constraints.

Traditional mmWave-based HAR methods rely on handcrafted features and classical machine
learning classifiers such as Support Vector Machine (SVM), k-Nearest Neighbors (kNN), and
Random Forest [3]. In those methods, radar signals must be converted into range-Doppler maps or
micro-Doppler spectrograms, from which features such as signal energy and Doppler shifts are
manually extracted and input into SVM or kNN. Although traditional methods perform well in ideal
environments, they are easily affected by noise, reflected signals, and target direction changes. In
particular, under non-line-of-sight (NLOS) conditions, radar signals are strongly influenced by
obstacles, leading to diffraction, scattering, and refraction effects that distort the received signal.
Therefore, traditional mmWave-based radar detection in HAR is challenging to generalize across
different environments and conditions. Physically, NLOS induces path distortions, such as diffraction
around corners, multi-bounce scattering, partial occlusions, and energy attenuation that smear micro-
Doppler ridges and alter class-specific patterns [4]. This physics-driven distortion explains why
feature calibrations optimized for line-of-sight (LOS) scenarios can become unstable across sites,
subjects, and layouts.

Artificial Intelligence (AI) has brought a significant breakthrough in the field of radar-based
detection. Techniques such as Convolutional Neural Networks (CNNs) can automatically learn key
spatial representations that distinguish different actions or targets from two-dimensional radar-
derived images such as range-Doppler maps or micro-Doppler spectra, without manual feature
engineering [5,6]. The CNN model converts the signals collected by the radar into a heat map,
resembling an image. The horizontal axis represents the distance or angle of the person from the
radar, while the vertical axis represents the speed of movement or the change in range. By analyzing
local patterns in these images, such as the trajectory of arm swings and the energy distribution of
body movement, the model can automatically determine a person's movements, thereby achieving
accurate and stable human behavior recognition [7]. Nevertheless, CNN-based models are typically
trained on data collected under controlled LOS conditions and tend to overfit the environment-
specific channel characteristics. As a result, models trained in one domain (i.e. LOS) often fail to
generalize to unseen NLOS scenarios [8]. Our preliminary studies show that standalone CNNs can
achieve good performance under LOS conditions but their accuracy drops significantly in cross-
domain (LOS-NLOS) recognition, as they are sensitive to phase order and perturbation intensity in
cross-phase and cross-intensity NLOS, limiting cross-domain stability. This observation is consistent
with the limited generalization caused by domain transfer [10]. At the same time, under staged or
continual training, the model experiences catastrophic forgetting when adapting to subsequent
phases, limiting stability and memory retention.

Addressing this domain generalization problem in mmWave-based HAR is challenging because
it involves two intertwined issues: (i) domain shift between LOS and NLOS signal distributions, and
(ii) catastrophic forgetting when adapting models to new environments over time. Simply fine-tuning
CNNs on NLOS data may improve recognition in that domain but often leads to severe degradation
of previously learned LOS knowledge, making the model unstable and unreliable for sustainable
deployment. Moreover, collecting large-scale labeled NLOS data for each new environment is time-
consuming and impractical.

To address these limitations, this paper proposes a Federated Continual Learning (FCL)
framework, which enables stable mmWave HAR adaptation between LOS and NLOS conditions. The
FCL paradigm combines the strengths of Federated Learning and Continual Learning, namely
distributed learning across heterogeneous clients and long-term knowledge retention. To improve
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adaptation stability, we formalize the progressive LOS-to-NLOS domain shift in HAR as a FCL
problem, where each NLOS severity level is treated as a sequential domain in a continual adaptation
process. The local radar clients perform sequential task learning (e.g. from LOS to NLOS) and model
updates are periodically aggregated on the global server without sharing raw data, thus balancing
privacy and generalization.

The framework integrates selective layer freezing with L2 Starting Point (L2-SP) regularization
under a three-phase training with increasing NLOS severity, which are light, medium, and hard. At
the beginning of each phase, early layers, including the stem and the first residual block, are frozen
to preserve low-level spectral-temporal features. Meanwhile, L2-SP regularization constrains the
trainable parameters toward those of the previous phase, reducing destructive parameter drift.
Knowledge distillation (KD) from the previous phase can be applied as an auxiliary stabilizer while
learning NLOS-specific features, or disabled to maintain a lightweight and consistent training setting.

In addition to the core FCL-based framework, we explore strategies to further improve cross-
domain adaptability and recognition in NLOS environments by (i) performing warm-up training on
fully connected layers in the new domain; and (ii) gradually unfreezing selected backbone blocks for
controlled adaptation. To obtain NLOS characteristics (e.g. reduced signal-to-noise ratio (SNR),
energy dispersion, and limited visibility) without site-specific data collection, we construct NLOS
datasets from LOS tensors via controlled, physically motivated perturbations [9], including additive
noise that reduces SNR, multiplicative speckle, anisotropic blur, band and block dropouts, tile-wise
occlusion, and low-frequency clutter.

The rest of the paper is organized as follows. Section 2 reviews related work. Section 3 formulates
the mmWave HAR problem. Section 4 details the NLOS construction and evaluation protocol. Section
5 presents the proposed framework. Section 6 analyzes and discusses the results. Finally, Section 7
concludes the paper with some directions for future work.

2. Related Work
2.1. mmWave HAR: Conventional vs. Deep Learning Approaches

Early mmWave HAR used handcrafted features and simple models. Researchers first converted
radar data into range— or micro-Doppler maps and then extracted features like Doppler center,
bandwidth, or energy pattern. These features were given to models such as SVM and kNN, which
worked well when radar had a clear LOS, but failed even when the features shifted only slightly due
to small environmental or subject positional changes. Deep learning, particularly CNNs, removes the
need for such handcrafted features by learning useful spatial and temporal patterns directly from
radar data [11]. This makes CNNs more flexible and better for complex environments with reflections
and occlusions.

2.2. Domain Generalization and Adaptation under NLOS Conditions

Domain adaptation and generalization help reduce accuracy drops when data from training and
testing come from different environments. Standard methods include matching features across
domains, using adversarial training, or changing data styles. However, these methods often need
large and balanced datasets with labelled samples from both domains (e.g. LOS and NLOS), which
radar typically does not have. Additionally, radar spectrograms follow physical rules so that even
simple feature alignment may damage the motion information inside Doppler patterns [12].

Alternatively, NLOS datasets can be constructed from perturbing LOS datasets with physical
effects such as reduced signal strength, blurring and cluttering to simulate real radar effects. This
approach removes the need to collect real NLOS data and preserves the original link between signal
loss and radar reflection [8].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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2.3. Federated and Continual Learning for mmWave HAR

Federated learning allows the models to train across many devices without sharing raw data,
which protects user privacy [13]. Continual learning helps models keep past knowledge when new
tasks arrive. Most existing FCL studies primarily focus on image or speech domains, where data are
typically high-dimensional and relatively homogeneous across clients [14]. In contrast, radar-based
HAR presents a more challenging setting, as datasets are often small-scale, device-dependent, and
sensitive to variations in physical deployment and environmental conditions.

Early CNN layers are fixed to protect low-level range-Doppler patterns, and higher layers are
updated to learn new conditions. Tests show that this design reduces forgetting, keeps performance
stable across training phases, and lowers task-order effects measured by Average Forgetting (AF) and
Backward Transfer (BWT) [15].

These findings from the literature motivated us to bring together, for the first time, federated
and continual learning in a physics-aware and privacy-preserving radar system for robust HAR
under domain shifts.

3. Problem Formulation
3.1. Task Setup and Sequential Domain Definition

Building on the above motivation, we formalize the mmWave HAR task under sequential
domain shifts from LOS to NLOS within a privacy-constrained federated setting. Let the learning
schedule consist of three phases p = 1,..,3 that correspond to increasing perturbation severities:
light, medium and hard. At phase p, the dataset is D® = {(x®, yi(p))}?lzpl, where xPe RXHXW s a
single-channel 2D tensor derived from FMCW radar information such as range— Doppler or micro-
Doppler, and yi(p)e{l, ..., C} denotes the activity class. The classifier fp: R™>***W - {1, ..., C} produces
¥ = argmax.fg(x)[c] and is updated sequentially across phases.

3.2. Privacy Constraint and Federated Setting

In realistic deployments, radar tensors remain on local devices due to privacy and governance
considerations. Consequently, training follows a federated paradigm with K clients. Each client holds
a disjoint shard of D® and performs local updates without sharing raw tensors. A central server
aggregates model parameters or updates at the end of each round using sample-size-weighted
averaging (FedAvg). This constraint shapes both the algorithmic design and evaluation protocol by
ruling out methods that require centralised access to the full dataset or inter-client raw data exchange
[16].

3.3. Sequential Objective and Retention Challenges

The training objective combines plasticity, the ability to adapt to the current phase’s distribution
and stability, and the ability to retain competencies learned in earlier phases. Let 8® be the
consolidated parameters after completing phase p. At the beginning of phase p + 1, the consolidated
model f,p) serves as the reference for continued adaptation. A central challenge is to avoid
catastrophic forgetting, i.e. a deterioration of performance on earlier phases (Light/Medium) when
updating for the hard phase. In this setting, high peak accuracy at an intermediate phase is not
sufficient; what matters operationally is the terminal model f,s) and its cross-phase behavior.

3.4. Formal Training Objective

Local training at phase p minimizes a supervised losson D® augmented with a soft parameter
regularizer that discourages large drifts from a reference 6* (chosen as §®~V):

mein E(x‘y)ND(p) [Ltask(fe (), :V)] + R(6;67) (1)
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where

e R is instantiated as L2-SP with * = =D, softly constraining drift from previous consolidated
model, and 8" is the merging parameter for phase p — 1;

e D® isthe dataset of phase p;

¢ (x,¥) denotes an mmWave radar tensor and its activity label;

e 9@ is the consolidated model after completing phase;

e 0" =0®D js the reference model anchoring the update for phase p;

e L, denotes the supervised task loss (cross-entropy);

e A;y-sp is the L2-SP regularization coefficient;

e |16 —6" 15 softly constrains parameter drift from previous consolidated model.

3.5. Cross-Phase Evaluation Protocol

After each phase, the server snapshot (After-P1, After-P2, After-P3) is evaluated on all three
severities, producing a cross-phase accuracy matrix 4 € R**3. The corresponding AF and BWT [17]
are computed as:

3

k= r;l?g(Apﬂs —Apos ©)

1 S-1 (4)
AF =—Z F,
S—1Lu,°

1 s-1 5

BWT = =" (Apos — A5 ®)

S —14as=q

where

e A, is the performance on severity s after completing training up to phase p;

e A, is the performance evaluated on severity s immediately after completing training on
severity s;

e Ap_; is the performance on severity s using the final model after completing all P phases;

e P is the number of sequential phases (here P = 3: Light, Medium, Hard);

e S isthe number of severity levels (here S = P = 3)

. F; is forgetting for severity s;

e AF quantifies terminal retention loss;

e  BWT indicates whether final adaptation benefits earlier domains.

4. NLOS Construction and Evaluation Protocol

4.1. Data Representation and Preprocessing

Radar frames are represented as single-channel, image-like tensors derived from range- or
micro-Doppler maps. Each sample is stored or converted to 1 x H X W (channel-first), which avoids
identity-revealing appearance cues and aligns with the sensing physics. Per-sample min—-max
normalization to [0,1] is applied:

X — min(X) (6)
max(X) — min(X) + 10-¢

X =
where
e X israw radar tensor;
e X isnormalized tensor;

e min(X), max(X) denote sample-level minimum and maximum, respectively;
e 107° is numerical stabilizer

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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All input samples are resized to 224x224 using bilinear interpolation implemented via OpenCV
(INTER_LINEAR), ensuring compatibility with the ResNet-18 backbone. If a file is multi-channel,
such as RGB or stacked features, channels are averaged to obtain a single-channel intensity map prior
to normalization:

c

1 7

Xsingle = EZXC @
c=1

where

° C is number of channels;
e X, is channel ¢
®  Xsingie is collapsed single-channel tensor.

Arrays already in 1,H,W are preserved. The same directory hierarchy is consistently applied
across all experimental phases (light, medium, and hard), thereby ensuring alignment of label indices
and comparability of results across domains. Perturbation severities and corresponding seeds are
provided in Section 4.2, and dataset split statistics are summarized in Section 4.3 (Tables 2 and 3).

4.2. NLOS Perturbation Pipeline — Evaluation Settings

To approximate dominant NLOS effects without relying on site-specific recordings, a
deterministic perturbation pipeline is applied at evaluation time. The transformations include
additive white Gaussian noise for SNR degradation, multiplicative speckle for coherent interference,
anisotropic Gaussian blur for Doppler and range smearing, frequency-selective band dropouts for
shadowing and fading, tile-wise occlusion for partial observability, and contrast jitter for slow-
varying clutter. The composite perturbation is expressed in (8), followed by contrast adjustment in

9):

X = ka,ky (X + 5awgn)®(1 + gspeckle)QMbandGMocc (8)

X<—(1+0))?—% 9)
where

e X is clean radar tensor;

e X is perturbed tensor after NLOS pipeline;

*  Eaugn~N(0, crﬁwgn) is additive Gaussian noise;

*  epeckie~N(0, C’szpeckze) is multiplicative speckle noise;

e B (ke y) (*) is anisotropic Gaussian blur with kernel widths k,, k,,;
®  Myang is frequency band-dropout mask;

e M, istile-wise occlusion mask;

. ©® = elementwise multiplication;

e 0 = contrast jitter coefficient;

Evaluation severities are generated with fixed seeds for reproducibility, whereas training
employs stronger randomized augmentation to promote robustness under distribution shifts.

Table 1. NLOS parameter settings for different severity levels.

) Band dropout Occlusion Contrast
Severity AWGN Speckle Blur probabiﬁty probability jitter
Light 0.020 0.020 3,1 0.03 0.02 0.05
Medium 0.040 0.040 (5, 3) 0.05 0.04 0.08
Hard 0.060 0.060 (7,5) 0.08 0.06 0.12

* Seeds: Validation/Test use a fixed evaluation seed (e.g., 42) for reproducibility. * Parameter settings in the table

are designed by authors to approximate key NLOS degradations.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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To make results easy to reproduce, the Light, Medium, and Hard setting in this paper use fixed
parameter ranges:

e  Additive noise (AWGN) has SNR values of 20-25 dB for Light, 15-20 dB for Medium, and 10-
15 dB for Hard.

e  Anisotropic Gaussian blur uses ¢ = 0.8(k = 3),1.2(k = 6),and 1.6(k = 7).

e  Tile occlusion covers 5 %, 10 %, and 15 % of the image tiles.

e  Contrast changes by +10 %, and band-dropout rates follow Table 1.

Random noise and perturbations are applied to each batch during training to improve
generalization. Fixed random seeds are used for validation and testing, so that the results are
consistent. This design ensures that any performance change across phases comes from the model’s
adaptability, not random variation.

The perturbation parameter settings are set to approximate real mmWave propagation
characteristics such as diffraction, multipath scattering, and signal attenuation [9]. This ensures the
NLOS conditions serve as a realistic proxy for actual through-wall or occluded scenarios, minimizing
the simulation-to-real-world gap in the evaluation protocol.

4.3. Data Splits and Counts

Datasets are split into 70/15/15 proportions corresponding to training/validation/testing. Each
stage produces 840, 180, and 180 samples, respectively, due to six activity classes. Thus, each training
class has 140 samples, while each class of validation and testing has 30 samples. Because NLOS for
evaluation is generated on the fly, the Light, Medium, and Hard phases share the same split counts
as the LOS setting.

To simulate NLOS conditions, a physics-inspired perturbation stack is applied to the original
LOS radar data. The NLOS pipeline adds several types of signal changes, including Gaussian noise,
speckle noise, blur along the Doppler and range directions, frequency-band dropouts, tile-wise
occlusion, and low-frequency contrast jitter. Three severity levels, Light, Medium, and Hard, are used
to control the strength of these perturbations and to evaluate model robustness under different levels
of domain shift.

Table 2. Phase-wise sample counts per split.

Phase Train Validate Test Total
Light 840 180 180 1200
Medium 840 180 180 1200
Hard 840 180 180 1200

* LOS radar data used in this work are obtained from a publicly available mmWave HAR dataset [20], while all
NLOS data are generated by the authors.

Table 3. Class counts per phase and split (example with six classes).

Falling to Sitting down Sitting Sitting Walking Walking to falling,
. . . .. downto . C
Phase  Split waving to drinking stretchin down to to  Walking to picking Total
for help water o walking Falling up things

Light  Train 140 140 140 140 140 140 840

Light Validate 30 30 30 30 30 30 180

Light Test 30 30 30 30 30 30 180
Medium Train 140 140 140 140 140 140 840
Medium Validate 30 30 30 30 30 30 180
Medium  Test 30 30 30 30 30 30 180

Hard  Train 140 140 140 140 140 140 840

Hard Validate 30 30 30 30 30 30 180

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Hard Test 30 30 30 30 30 30 180

Medium

samples_clean

samples_contrast_jitter-s2
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samples_gaussian_noise-s2

HH

—
i

samples_motion_blur-s2 ‘A',‘

5 |
{

samples_occlusion-s2

Figure 1. NLOS exemplars across severity levels (light, medium, hard).

Randomness in Training and Evaluation: Training uses stochastic perturbations to enhance
robustness; validation and testing use milder, reproducible settings with fixed seeds. This separation
ensures that cross-phase differences reflect model behavior rather than randomness in distortions.

Splits and Federated Partitioning: For each severity, disjoint training, validation, and testing splits
are used. Only the training split is distributed across K clients, while the validation and testing sets
remain centralized to ensure consistent evaluation of the server snapshots.

Three-Phase Schedule and Matrices: The training schedule progresses from Light to Medium to
Hard. After each phase, the consolidated model is saved and evaluated across all severity levels,
producing 3 X 3 matrices that enable the computation of AF and BWT. Unless otherwise stated,
models are trained on the NLOS training set, tuned on the NLOS validation set, and evaluated on the
NLOS testing set, with Medium serving as the default testing condition.

4.4. Federated Partition and Training Protocol

Data are distributed over K = 3 clients (client 01 to client 03) with class-balanced shards; each
client participates in every communication round (participation ratio = 1.0). Training follows a
standard FedAvg schedule with R = 8 rounds per phase. Each client performs E = 1 local epoch
per round using AdamW with batch size = 64, learning rate = 3 x 107*, and weight decay =
1 x 107*. Unless otherwise stated, all phases use the same optimiser and learning-rate setting. Model
aggregation on the server uses Fed Avg without momentum; raw radar tensors remain on the device,
and only model updates are transmitted.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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At the beginning of each new phase (light, medium, hard), the low-level feature extractor is
warm-started and partially frozen to preserve previously acquired spectral-temporal primitives:
specifically, stem and layer] are frozen, while deeper layers remain trainable. To limit destructive
drift, an L2-SP penalty is applied to the trainable parameters with coefficient Ay, gpy = 1 X 1075,
anchoring them to the consolidated weights from the previous phase. The main configuration does
not use KD. For completeness, ablations with KD employ a fixed teacher equal to the previous-phase
checkpoint, temperature T = 2.0, and distillation weight @ = 0.5. This recipe yields stable cross-
phase performance while maintaining adaptation capacity under increasing NLOS severity.

Each phase concludes with model consolidation on the server and centralized validation of the
global snapshot. Validation accuracy and macro-F1 are recorded after every federated round. The
best model from each phase is checkpointed for later cross-phase evaluation. All subsequent AF and
BWT calculations and heatmaps in Section 5 are derived from these checkpoints. This unified protocol
ensures that every reported result corresponds to a deterministic run with seed = 42, allowing exact
reproduction on comparable hardware setups.

4.5. Evaluation Protocol

Unless otherwise specified, models are trained on the NLOS training split, tuned by early
stopping on the validation split, and all results are reported on the test split. Validation/test severities
and random seeds follow Table 1; split statistics follow Tables 2 and 3. The best-validation checkpoint
is restored prior to final testing.

Model selection uses macro-F1 on the validation split with patience =5 evaluation steps. Unless
noted otherwise, a fixed seed =42 is used for the main runs; variability in ablations is summarized as
mean + standard deviation over three seeds {0, 1, 2}. Primary metrics are:

e Overall Accuracy (ACC): fraction of correctly classified samples.
e Macro-FI: unweighted mean of per-class F1 scores (mitigates skew from class imbalance).
e Diagnostics: per-class scores and confusion matrices are reported when informative.

Per-class scores and confusion matrices are reported where informative. AF and BWT as defined
in Section 3.5 are computed under the fixed-severity protocol in Table 1, with the same random seeds
and splits in Tables 2 and 3. The performance metric (ACC or macro-F1) for cross-phase accuracy
matrix A as defined in Section 3.5 is kept consistent for all entries.

Under the evaluation protocol in this section and the fixed severities and seeds defined in Table
1, the FCL configuration attains AF = 0.19 % and BWT = +1.39 %, indicating negligible forgetting
with slightly positive backward transfer. The CNN-only sequential baseline yields AF = 1.11 % and
BWT = 0 %. The corresponding cross-phase validation accuracy matrix A for the CNN baseline is
shown in Table 4.

Table 4. Cross-phase validation accuracy for the CNN-only sequential baseline.

Server Snapshot P1 P2 P3
After P1 0.9611 0.9667 0.9944
After P2 0.9611 0.9833 0.9944
After P3 0.9833 0.9611 0.9834

5. Proposed Framework

5.1. Overview

In this section, the proposed FCL framework for mmWave HAR is introduced which targets
scenarios under sequential domain shifts from LOS to NLOS. This method instantiates a practical
training loop that: (i) protects privacy by exchanging only model updates; (ii) maintains the learned
representation of the model at each stage effectively through warm-start parameter freezing and L2-
SP regularization mechanism; and (iii) is equipped with switchable lightweight KD for stable
adaptation.
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5.2. FCL Formulation

Let the training process consist of three sequential phases p € {1,2,3}, corresponding to light,
medium, and hard NLOS severities. At phase p, each client k € {1, ..., K} holds alocal dataset D,gp) =
{(xi(p), yi(p))} and trains a model with parameters w, where w denotes the trainable parameters of
the global model. A global server aggregates local updates via Fed Avg, without accessing raw radar
tensors.

Continual adaptation is implemented by initializing phase p from the best checkpoint of phase
p — 1, denoted @@ (with w® denoting the randomly initialized or pretrained weights). A layer-
freezing mask M indicates the parameters to remain frozen, such as the early convolutional blocks,
while I — M represents the complementary trainable subset. The objective at a client is:

minEq ) oo |€ee(fG60,) + A0 U= M) O (0 = ™) I + ar? KL(o(f (x; )/1) || o(f (i wr)/D)| (10)

task loss L2-SP anchoring optional KD

where £.p is cross-entropy; o(-) is softmax function; wy is a fixed teacher snapshot (the phase p-1
model); T is the softmax temperature in KD; 1 and a > 0 are weights for the L2-SP regularization
term, and KD loss, respectively (a is set to 0 when KD is not used); KL denotes the Kullback-Leibler
divergence; L2-SP is always active on unfrozen layers; element-wise mask M that enforces warm-
start freezing parameters with M; = 1 is kept fixed; and only (I — M)Qw is updated.

After E local epochs on each participating client, the server aggregates by:

n
w<—z LI (11)
keszjesnj

where S is the set of sampled clients in the round and n; = |D,£p)|. Across rounds, validation on the

phase p held-out set selects the best checkpoint 0®. Cross-phase validation matrices evaluated on

phase-1, 2, and 3 validation sets are computed after each phase to quantify stability, and the AF and
BWT are then computed as given in Section 3.5.

5.3. Backbone and Input Processing

A ResNet-18 backbone is adapted to single-channel radar tensors. The first convolution is
modified from 3 to 1 input channel with 64 output channels: the final fully connected (FC) layer maps
to the number of activity classes (six in the experiments). Input frames are grayscale tensors stored
as either H X W or 1 x H X W; preprocessing normalizes all inputs to [0,1], reshapes to 1 X H x W,
and resizes to 1x224x224 before feeding the network. This keeps the convolutional stem unchanged
apart from the input channel count, preserving the inductive bias of ResNet-18 while matching the
mmWave spectrogram-like inputs.

5.4. Objectives and Regularization

Cross-entropy on per-frame logits is used throughout. L2-SP softly constrains trainable
parameters to remain close to their previous-phase optima on unfrozen layers, counteracting
representational drift that otherwise causes forgetting. In contrast to full parameter freezing, which
can lead to underfitting in new phases, L2-SP allows controlled movement toward the new domain
while penalizing unnecessary deviation [18].

When enabled, KD supplies a soft target from the phase (p — 1) teacher, stabilizing decision
boundaries that were reliable in earlier phases. KD is lightweight in computation and used as a knob;
and ablations adjust a.

Early convolutional blocks are frozen at the beginning of each new phase; later blocks and the
classifier head are updated. This provides: (i) strong low-level priors for range-Doppler structures;
and (ii) the capacity to adapt high-level class separation to NLOS distortions. The freezing depth is
fixed per experiment and varied only in ablations.
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5.5. Training Schedule Across Phases

Each stage proceeds R rounds of FedAvg. In round r, each selected client trains for E local
epochs with Adam with Decoupled Weight Decay (AdamW) using learning rate n, weight decay S
and batch size b. The training starts with the global weight of broadcasting. After aggregation, the
server validates on the current phase’s validation set, and the best-validation checkpoint across the

R roundsis saved as w®. Immediately upon finishing phase p, cross-phase validation is performed

with w® on all three-phase validation sets and recorded as the p-th row of the cross-phase matrix.
These snapshots are also used later for test-set evaluation in Section 6.

The simulation experiments use three training phases (light, medium, and hard), the same
backbone and preprocessing for all phases, AdamW with n =3 x 107*, g = 107*, b = 64, and short
local epochs per round to respect GPU constraints while still exposing the model to federated

variability. L2-SP is active in all experiments, and KD is optional.

5.6. Federated Protocol and Partitioning

A simulated federated environment is adopted to approximate on-device training. The client
data are class-balanced per share to decouple order-sensitivity from extreme non-independent and
identically distributed (non-IID) effects; client participation is full in each round. This setting isolates
the phenomena of interest: domain shift and forgetting, without confounding from intermittent client
availability or severe label skew [16].

5.7. Algorithm

The detailed steps of the proposed FCL framework with warm-start freezing, L2-SP, and
optional KD, are shown in Algorithm 1.

Algorithm 1

Initialize & ® using random parameter initialization.

For each phase p = 1,2, 3

Set w « 0PV, compute mask M to freeze early blocks.

For each round r = 1,.,R

Broadcast w to all clients; each then minimizes training objective: CE + AL2-SP + optional oKD
for E poches and updates only (I — M)Qw. Note: CE denotes the cross-entropy loss.

Server aggregates by Fed Avg to obtain new w.

Validate on phase p validation set and update the phase’s best w®.

Using w®, evaluate on all phase validation sets to obtain row p of cross-phase matrix and save

checkpoint.

Upon completing phase 3, evaluate final models on test sets, and compute AF and BWT from
validation cross-phase matrix.

The proposed framework is expected to achieve stable performance across all phases by keeping
AF consistently low and BWT non-negative, thereby effectively controlling the catastrophic
forgetting. L2-SP further prevents unnecessary drift away from LOS-trained anchors when the new
domain does not require it. Furthermore, instead of retraining from scratch for each phase, FCL
reuses previously acquired representations, thus potentially converges in fewer rounds. The
aggregate effect is a system that achieves high performance in terms of NLOS accuracy and cross-
domain stability under tight computation budgets.
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6. Results and Discussion
6.1. Performance and Cross-Phase Stability of FCL

To evaluate the robustness of the proposed framework under NLOS degradation, the model
trains sequentially in three phases (Pl=light, P2=medium, and P3=hard), each introduces
progressively more noticeable NLOS artefacts. The evaluation focused on two key aspects: (i) overall
recognition performance after continual adaptation; and (ii) stability of previously learned
representations across phases.

At the end of each phase, the consolidated global model was validated. The resulting cross-phase
validation accuracy results in Table 5, and the corresponding heat map in Figure 2 demonstrate
consistent performance retention. The diagonal entries in Figure 2 correspond to in-phase evaluation,
while the off-diagonal cells reflect how well earlier domains are preserved after subsequent

adaptations.
Table 5. Cross-phase validation accuracy results of FCL on NLOS dataset.
Server Snapshot P1 P2 P3
After P1 96% 91% 81%
After P2 98% 96% 92%
After P3 97% 98% 98%

0.98

0.96
After P1 96%

0.94
0.92
0.90

After P2 4 98%

0.88

0.86

After P3 A 97% 98% 98% 0.84

0.82

T T T

Pl P2 P3
Figure 2. Heat map visualization of cross-phase validation accuracy matrix of FCL on NLOS dataset.

The model maintained over 96 % accuracy on earlier phases even after training with heavier
NLOQOS perturbations, indicating strong representational stability. A mild degradation (maximum A
~ 15% appeared only under most severe domain shift (Hard phase evaluation after P1). This pattern
confirms that the continual adaptation mechanism effectively preserves prior knowledge while
integrating new domain information.

The final test evaluation on the held-out NLOS test set achieved 97.78 % accuracy and 97.79 %
macro-F1 (Table 6), confirming that the learned representations generalize well beyond the validation
distribution. Quantitatively, the model exhibits an AF of 0.19 % and a positive BWT of +1.39 %,
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suggesting that later phases not only retain earlier knowledge but slightly refine it through shared
low-level features.

Table 6. Overall continual-learning metrics of FCL on NLOS.

Metric Value

Final Test Accuracy 97.78%
Final Test Macro-F1 97.79%
Average Forgetting (AF) 0.19%
Backward Transfer (BWT) +1.39%

These results collectively demonstrate that FCL achieves robust cross-phase stability and
minimal forgetting under progressive NLOS perturbations, validating the effectiveness of the
freezing and L2-SP continual adaptation scheme without knowledge distillation.

6.2. Comparative Analysis: CNN Baseline vs. FCL

A systematic comparison with traditional CNN baseline is conducted to verify the effectiveness
of the FCL in achieving cross-domain robustness and mitigating catastrophic forgetting under static
and sequential task settings. Static task setting refers to one-shot training where all training data from
all domains or phases are available simultaneously, and the model is trained only once. Sequential
task setting, on the other hand, refers to phase-wise training where data are presented in an ordered
sequence (e.g. P1 to P2 to P3) and the model is updated incrementally without revisiting previous-
phase data, which may lead to catastrophic forgetting. The experiments covered both LOS and NLOS
conditions, using the same backbone (ResNet-18, 1to 64 convolution, FC=6) and identical train,
validation and test splits described in Section 4.

6.2.1. Static vs. Continual Models in LOS

Under clear LOS conditions, both models achieved high final performance, but their training
dynamics differed significantly. The static CNN trained on the full LOS dataset converged rapidly,
reaching a validation accuracy of 98.3 % after 16 rounds and achieving 100 % test accuracy and F1 =
1.000. In contrast, the continual FCL model trained sequentially across the three LOS phases exhibited
slower initial adaptation, achieving approximately 23% validation accuracy in Phase 1. However, its
performance improved rapidly, reaching 95.6% validation accuracy and 95.4% F1 after the third
phase, and achieving 97.78% test accuracy and 97.77% F1 on the held-out LOS test set.

Although the data volume exceeds the typical capacity of CNN training, the continual model
maintained stable performance across phases without notable forgetting. These results indicate that
the adaptive freezing and regularization strategies proposed in this study effectively preserve the
LOS feature representation and prevent cross-phase degradation.

6.2.2. Static vs. Continual Models in NLOS

The domain-shifted NLOS environment provides a more challenging benchmark. When trained
only once on all NLOS samples, the static CNN reached a testing accuracy of 94.44 % and F1 = 94.52
%. However, when trained sequentially (phase-wise simulation of domain shift), its validation
accuracy fluctuated strongly, starting at 37.22 % after the first phase and only recovering to 85.56 %
after the final phase. This instability reflects CNN’s inability to preserve prior knowledge across
phase transitions, which results in substantial forgetting under new NLOS conditions.

Conversely, the proposed FCL framework achieved a validation accuracy of 98.33 % and F1 =
98.34 % after the final challenging phase; and a testing accuracy of 97.78 % and F1 = 97.79 %,
surpassing both static and continual CNN variants by a large margin. Its average forgetting (AF =
0.19 %) and backward transfer (BWT = +1.39 %) indicate near-perfect retention and slightly positive
transfer between consecutive NLOS domains.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2026.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 December 2025 d0i:10.20944/preprints202512.2026.v1

14 of 19

Compared with the CNN-only baseline which exhibited AF =17.22 % and BWT = -5.28 %, the
proposed FCL framework achieves an order-of-magnitude improvement in cross-phase stability.
This demonstrates the significant positive effects of continual learning with selective freezing and L2-
SP regularization.

Table 7. Comparison of test performance between CNN and FCL on LOS and NLOS datasets.

Model Training Protocol ~ACC (%) F1 (%) AF (%) BWT (%) Remarks
CNTéSS;atiC’ One-shot 100.00 100.00 - - Excellent convergence
FCL (I(jgr;’;inual, 3-phase sequential 97.78 97.77 - - Stable retention
CNIiI\IL(OStSa;tiC’ One-shot 9444 9452 - - Moderate generalization
CNNI\(IE(();;;nuaI’ Naive sequential 85.56 - 1722 528 Forgetting observed
FCL (ours) (Lﬁ;if,rﬁii;lf;figﬁg) 97.78 9779 019  +1.39 Robust, order-invariant

Note: F1 scores were omitted for CNN continual baseline under NLOS since the experiment focused on cross-

phase retention (AF/BWT) rather than class-wise balance.

6.3. Order Sensitivity of CNN Baseline

An order-sensitivity analysis is conducted on the CNN baseline to evaluate the stability of
sequential training. Two phasic orders are considered: (Light, Medium, Hard) and (Light, Hard,
Medium). Both settings use the same NLOS data splits and identical optimization parameters as
described in Section 4.

6.3.1. Cross-Phase Results

The cross-phase validation accuracy of the CNN baseline under different sequential orders is
shown in Figure 3, with quantitative results summarized in Table 8.

1.0 1.0
After P1 08 After P1 03

0.6 0.6
After P2 89% 89% 89% After P2

0.4 0.4

0.2 0.2
After P3 After P3

0.0 0.0

Pl P2 P3 P1 P2 P3

(a) (b)

Figure 3. Heatmap visualization of cross-phase validation accuracy for CNN baseline under: (a) default order
(Light, Medium, Hard); (b) swapped order (Light, Hard, Medium).

Table 8. Cross-phase validation performance of CNN baseline under different sequential orders.

Configuration ACC (%) AF (%) BWT (%) Stability
CNN (default order) 65.56-89.44-72.22 1.11 0.00 Unstable, order-sensitive
CNN (swapped order) 70.56-70.00-75.00 0.00  +4.72  Slightly improved, but order-sensitive
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Under the default order, the model exhibits order sensitivity on the validation set, with AF =
1.11% and BWT = 0.00%. When the order is swapped, forgetting is eliminated, with AF =0% and BWT
becoming positive at +4.72%, showing that simply altering the sequence has a major impact on
performance. However, the inconsistent cross-phase validation accuracy observed across different
orders highlights that CNN performance is highly influenced by sequence arrangement, reflecting
pronounced order sensitivity rather than stable generalization.

6.3.2 Comparison with FCL

By contrast, the proposed FCL framework maintained consistent performance across all domain
orders. Its cross-phase matrix remained symmetric: validation accuracy of 96-98%; and AF and BWT
values of 0.19%, and +1.39%, respectively, indicate order-invariant retention. These results confirm
that FCL with selective freezing and L2-SP regularization decouples the training dynamics from
domain order, ensuring reproducible convergence even under varying domain shift trajectories.

A visual comparison of CNN and FCL performance is shown in Figure 4, where the CNN
baseline exhibits greater performance variation than FCL across phase diagonals.

1.00
0.95 A
5. 0.90 1
v
e
-
¥
<
c 0.85 1
S
5
M
b CNN — P1
> 0.80 1 CNN — P2
CNN — P3
CNN — Overall
FCL— P1
0.75 1 FCL— P2
FCL— P3
-m- FCL — Overall
0.70

After P1 After P2 After P3

Figure 4. Comparison of cross-phase validation accuracy between CNN and FCL.

6.3.3. Validating the Choice of CNN- over RNN-Based Models

We further validated our choice of using CNN- over an alternative Recurrent Neural Network
(RNN)-based model. Both used the same data splits and optimization settings from Section 4. The
RNNSs included Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) models. Each
had two layers, a hidden size of 128, and a dropout of 0.1. A linear layer was used for classification.
The six human activities were the same in both LOS and NLOS conditions. The results were
summarized in Table 9.

Under LOS conditions, the LSTM achieved 33.33 % accuracy, and the GRU reached 50.00 %.
When trained and tested under NLOS conditions, both models dropped to 16.67%, and their cross-
domain generalization was poor, with LSTM falling from 50% to 16.67% and GRU dropping from
33.33% to 16.67%. By contrast, the CNN baseline achieved 100 % accuracy on LOS and 94.44 % on
NLOS.

These results demonstrate that RNN-based models are not well-suited for radar range-Doppler
inputs, which are 2D spatial tensors rather than temporal sequences. The LSTM and GRU fail to
extract robust spatial patterns and suffer from unstable optimization on small datasets with domain
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drift. In contrast, CNNs capture translation-invariant spatial features, making them well suited for
modelling localized Doppler patterns and reflection structures in mmWave radar data. Their
hierarchical structure ensures stable generalization across both LOS and NLOS domains [19].

Given the large performance gap and the mismatch between temporal recurrence and spatial
radar features, CNN backbones were selected for all subsequent experiments. The RNN results thus
serve as negative evidence, reinforcing the architectural rationale behind adopting the CNN-based

FCL framework.
Table 9. CNN vs. RNN (LSTM/GRU) on LOS and NLOS datasets.
Model Train Domain Test Domain Accuracy (%) F1(%)
RNN (LSTM) LOS LOS 33.33 25.00
NLOS NLOS 16.67 476
LOS NLOS 50.00 -
NLOS LOS(cross) 16.67 -
RNN (GRU) LOS LOS 50.00 36.11
NLOS NLOS 16.67 4.76
LOS NLOS(cross) 33.33 -
NLOS LOS(cross) 16.67 -
CNN (static) LOS LOS 100.00 100.00
CNN (static) NLOS NLOS 94.44 94.520
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Figure 5. Confusion matrices of RNN-based models under LOS and NLOS conditions.

Notably, both LSTM and GRU models did not achieve satisfactory convergence in the same
experimental setup, yielding only up to 33% accuracy under LOS conditions and degrading to 16.67%
in NLOS conditions. This performance degradation is not attributable to training instability but
instead reflects a structural mismatch between the model architectures and the input representation.
Specifically, the radar range-Doppler maps employed in this study are spatial 2D tensors without an
explicit temporal sequence. While recurrent architectures are designed to model sequential
dependencies, CNNs are inherently better suited for capturing localized spatial correlations.
Consequently, the inferior performance of RNN-based models further supports the adoption of CNN
backbones for mmWave radar-based HAR.

6.4. Summary of Observations

The above results show that the CNN baseline is highly sensitive to the training order under
NLOS conditions. Under the default Light to Medium to Hard order, the model exhibits unstable
cross-phase performance, indicating pronounced order sensitivity. Although altering the training
sequence can alleviate forgetting, the overall behavior remains inconsistent across phases. This
suggests that sequential adaptation in CNNs is strongly influenced by domain order, limiting stable
knowledge retention across domains.

When the training order is changed to Light to Hard to Medium, forgetting is largely alleviated
and backward transfer becomes positive. However, the accuracy across different phases remains
unstable, indicating that the CNN baseline lacks stable cross-phase generalization and strongly
depends on the training order.

This behavior arises because the CNN baseline has no explicit mechanism to protect previously
learned knowledge. During sequential training, convolutional layers are continuously updated to
adapt to the current domain, which can disrupt representations learned from earlier phases. This
issue is exacerbated in non-stationary NLOS environments, where signal characteristics vary
substantially across phases.

In contrast, the proposed FCL framework demonstrates improved stability and robustness. Its
cross-phase performance remains consistent across different domains, primarily due to two design
choices. First, selective freezing preserves low-level radar features during adaptation. Second, L2-SP
regularization constrains parameter drift between consecutive phases. As a result, FCL effectively
mitigates forgetting and achieves positive backward transfer, indicating that learning new domains
can also benefit earlier ones. These results demonstrate that FCL supports stable continual learning
and promotes the learning of domain-invariant radar features under changing NLOS conditions.

7. Conclusion

Overall, the results demonstrate that conventional CNN-based sequential learning is ill-suited
to non-stationary radar environments. By integrating federated learning with selective freezing and
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L2 — SP regularization, the proposed FCL framework provides a practical solution for stable and
privacy-preserving mmWave-based human activity recognition. FCL achieves consistently high
accuracy (approximately 97-98%) under both LOS and NLOS conditions, exhibits low forgetting with
positive backward transfer, and remains largely insensitive to training order. In addition, the
federated design enables collaborative learning across distributed radar devices without sharing raw
data. Together, these results indicate that FCL can effectively adapt to new environments while
preserving prior knowledge, making it well suited for real-world mmWave-based HAR applications.
Although the proposed FCL framework demonstrates strong robustness and stability across different
domains, there is still room for improvement.

Future studies could further focus on validating the model in real-world environments with
multiple or moving radar devices to confirm its generalization beyond simulated NLOS data. Using
lightweight backbones such as MobileNetV3 or ConvNeXt-Tiny can make the system faster and more
efficient for real-time and on-device inference. It is also useful to combine mmWave radar with other
sensors to get richer features and reduce confusion in activity recognition. Future work can also study
adaptive client sampling, knowledge sharing between clients, and continual learning strategies to
make large federated HAR systems more scalable and efficient. These improvements can make
federated continual learning more practical and flexible in real-world environments.
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