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Falls among older adults are a major public health concern, yet accurate fall detection on resource-con-
strained wearable devices remains challenging because high-performance deep models often require con-
tinuous computation. This study proposes a computation-aware cascaded CNN-ResNet architecture for 
TinyML-based wearable fall detection. A lightweight CNN processes four accelerometer-derived channels, 
namely x, y, z, and root-mean-square (RMS), to perform initial classification and extract 32-dimensional em-
beddings. These embeddings are stored in a first-in, first-out (FIFO) buffer. When the CNN confidence for 
Activities of Daily Living (ADL) classification falls below a threshold of 0.995, a compact ResNet is activated 
to analyze six consecutive embeddings for refined spatiotemporal classification. The system was evaluated 
on the KFall dataset using leave-one-subject-out (LOSO) cross-validation across 32 subjects. It achieved 
98.97% ± 0.39% accuracy, 98.48% ± 0.91% precision, 97.96% ± 0.95% recall, and 98.21% ± 0.62% F1-score. 
On-device benchmarking on ESP32-S3 and STM32F407 MCUs confirmed a combined quantized model size 
of 0.46 MB and average latencies of 12.3–17.3 ms and 9.6–14.1 ms, respectively, under a conservative daily-ac-
tivity scenario with 3–5% ResNet invocation. Even under full ResNet activation, the maximum latency re-
mained below 252 ms, supporting real-time on-device inference within the 500 ms sliding-window interval. 
These results indicate that the proposed cascade provides an effective trade-off between detection accuracy 
and average computational cost for MCU-based wearable fall detection.
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1. Introduction
Falls are a major public health concern, particular-
ly as the global population aged 60 years and over 
is projected to reach 2.1 billion by 2050 [32], [44]. 
They are the second leading cause of unintentional 
injury-related deaths worldwide and cause approx-
imately 684,000 fatalities each year [45]. Beyond 
physical injuries, such as fractures, traumatic brain 
injuries, and reduced mobility, falls also lead to seri-
ous secondary risks [42]. Previous studies show that 
many older adults who remain on the floor for a long 
period after a fall face a high risk of death within the 
following months [5], [41]. Falls also cause psycho-
logical problems, including anxiety, depression, and 
fear of falling, which may reduce independence and 
accelerate functional decline [8]. These physical, 
psychological, and economic impacts underscore 
the need for accurate, timely fall detection systems 
(FDS) [22].
Fall detection technologies can be divided into am-
bient monitoring systems and wearable sensor sys-
tems [14]. Ambient systems are effective in con-
trolled indoor environments, but they may raise 
privacy concerns and have limited coverage [27], 
[28]. Wearable fall detection systems (WFDSs) are 
more suitable for continuous monitoring in daily 
life because they are portable and can operate close 
to the user [5], [22]. These systems commonly use 
inertial measurement units (IMUs), including ac-
celerometers and gyroscopes, to capture motion 
patterns associated with falls. Existing algorithms 
have evolved from threshold-based methods (TBM) 
to classical machine learning (ML) models and deep 
learning (DL) models [27]. DL models, such as CNNs, 
LSTMs, and GRUs, can learn discriminative features 
from raw sensor data, thereby improving detection 
accuracy. However, they usually require high mem-
ory and processing resources, which limits their 
deployment on battery-powered microcontrollers 
(MCUs). Cloud and edge processing can reduce the 
local computing burden, but they may introduce la-
tency and privacy risks [37], [43]. TinyML provides 
a practical direction by enabling compressed models 
on MCUs through techniques such as quantization 
and pruning [1], [47]. However, a clear trade-off still 
exists between computational efficiency and detec-
tion performance. Lightweight models reduce com-

putational cost, but they may increase false alarm 
rates. In contrast, larger models can improve accu-
racy but often entail higher computational costs.
Several adaptive inference paradigms have been pro-
posed to reduce computational cost in resource-con-
strained edge and wearable systems. Early exit net-
works, such as BranchyNet, use auxiliary classifiers 
at intermediate layers and allow simple samples to 
exit early based on confidence thresholds [34], [40]. 
However, these models do not explicitly exploit tem-
poral context and are not commonly validated on 
MCU-class hardware. Traditional cascaded classifi-
ers process inputs through independent models, but 
they usually do not preserve intermediate represen-
tations across windows [39]. As a result, they cannot 
fully use temporal information from consecutive 
sensor windows. Recent TinyML approaches, such 
as TinyFallNet [25] and PreFallKD [10], improve 
model compactness through knowledge distillation 
and quantization [47], [25], [23]. Nevertheless, they 
often use a fixed inference path, which produces 
a constant computational load regardless of input 
complexity. Other hybrid systems use a lightweight 
trigger followed by a deeper classifier, but many of 
them depend on cloud processing [43]. This may in-
troduce latency and privacy concerns that are not 
suitable for time-critical fall detection.
To address these limitations, this study proposes a 
computation-aware cascaded CNN-ResNet archi-
tecture that combines a lightweight CNN gatekeeper 
with a compact ResNet refinement stage. The CNN 
extracts 32-dimensional embeddings from each ac-
celerometer window and pushes them into a FIFO 
buffer. When the CNN confidence for routine ADL 
recognition falls below a predefined threshold, the 
ResNet analyzes recent embeddings as a compact 
spatiotemporal representation. This selective fea-
ture-reuse design reduces average computation while 
preserving fall detection performance. The main con-
tributions of this study are summarized as follows:
	_ A computation-aware cascaded CNN-ResNet 

architecture is proposed for wearable fall detection. 
It combines a lightweight CNN gatekeeper with 
a compact ResNet expert and uses a FIFO buffer 
to transfer six consecutive 32-dimensional CNN 
embeddings for context-aware classification.
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	_ A confidence-based activation mechanism is 
proposed to balance fall recall, ADL precision, 
and computational cost. The selected threshold is 
characterized using the ADL-side trigger rate and 
fall miss rate, enabling selective ResNet activation 
and reducing average latency to 9.6–17.3 ms per 500 
ms sliding-window interval under a conservative 
ADL scenario.

	_ The system is evaluated using LOSO cross-
validation on 32 subjects from the KFall dataset. 
It achieves 98.97% ± 0.39% accuracy, 98.48% 
± 0.91% precision, 97.96% ± 0.95% recall, and 
98.21% ± 0.62% F1-score. A paired t-test confirms 
a significant improvement over the standalone 
CNN baseline.

	_ The quantized cascaded model, measuring 0.46 
MB, is deployed on ESP32-S3 and STM32F407 
MCUs. The maximum latency remains below 252 
ms even when ResNet is fully invoked, supporting 
real-time on-device inference within the 500 ms 
sliding-window interval.

The remainder of this paper is organized as follows. 
Section 2 situates the proposed approach within 
existing fall detection and TinyML literature. Sec-
tion 3 details the cascaded CNN-ResNet architec-
ture and the confidence-based trigger mechanism. 
Sections 4 and 5 describe the experimental proto-
col and report LOSO results alongside on-device 
benchmarking. Section 6 interprets the findings 
and acknowledges limitations, and Section 7 con-
cludes the paper.
 

2. Related Work
Wearable fall detection has been studied through 
several algorithmic directions, ranging from 
threshold-based methods to DL models [27]. Ear-
ly systems mainly used thresholds on acceleration 
magnitude, angular velocity, or impact-related fea-
tures to detect abrupt body motion [4], [36], [38]. 
These methods are attractive for embedded devic-
es because they require little memory and compu-
tation. However, their performance is sensitive to 
sensor placement, signal noise, user habits, and 
fixed parameter settings. Classical ML methods, 
such as support vector machines, k-nearest neigh-
bors, decision trees, random forests, and XGBoost, 

improved robustness by using handcrafted statis-
tical and frequency-domain features from inertial 
signals [2], [6], [7]. Nevertheless, these approaches 
still depend strongly on feature design and may not 
capture the temporal patterns that separate falls 
from fast daily activities [31].
DL has reduced the need for manual feature engi-
neering by learning representations directly from 
sensor data [14]. CNN models are effective for lo-
cal temporal patterns in acceleration signals, while 
LSTM and GRU models capture longer sequential 
dependencies [3], [13], [15]. Recent end-to-end 
models have achieved high accuracy on public fall 
detection datasets [12]. However, these models 
usually require higher memory, more computation, 
and continuous inference at full capacity. This lim-
its their practical use on battery-powered MCUs, 
especially when a wearable device must operate 
continuously under strict latency and power con-
straints [9], [35].
TinyML provides an important direction for bring-
ing ML/DL to MCU-based healthcare devices. 
Quantization, pruning, and knowledge distillation 
can reduce model size and inference cost while 
preserving useful accuracy [10], [25], [47]. Be-
yond fall detection, recent healthcare IoT studies 
further demonstrate the importance of local and 
privacy-aware intelligence on constrained devic-
es. For example, smartwatch-based blood glucose 
monitoring and IoT-enabled wheelchair systems 
have explored transfer learning and distribut-
ed learning to reduce dependence on centralized 
cloud processing [29], [30], [46]. Although these 
studies target different healthcare applications, 
they support the broader motivation for low-mem-
ory, privacy-aware, and autonomous inference in 
wearable or assistive systems. In fall detection, 
recent TinyML-oriented studies such as TinyFall-
Net [25], PreFallKD [10], and MicroFallNet [20] 
have demonstrated the feasibility of compact mod-
els for wearable or MCU-constrained deployment. 
However, these approaches generally follow a fixed 
inference path, in which every input window is 
processed with the same computational budget re-
gardless of motion complexity.
Adaptive inference has been proposed to reduce 
average computation by allocating more process-
ing only to difficult samples. Early exit networks, 
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such as BranchyNet and its variants, attach auxilia-
ry classifiers to intermediate layers and allow high 
confidence samples to exit early [19], [34], [40]. 
This strategy is effective for some vision and edge 
computing tasks, but it typically operates within 
a single backbone and processes each input inde-
pendently. It also does not preserve temporal rep-
resentations across consecutive sensor windows. 
Cascaded classifiers follow another strategy, where 
a lightweight first model filters easy samples and 
a stronger second model handles uncertain cas-
es [39]. This idea is suitable for wearable fall de-
tection because most daily activity windows are 
simple. However, standard cascades often discard 
intermediate features after each decision. Some 
hybrid fall detection systems use a local trigger fol-
lowed by a cloud-based classifier [43], [49]. These 
systems reduce local computation, but they may 
introduce communication latency, energy cost, and 
privacy risks.
Overall, prior studies have improved fall detection 
from different directions. Threshold and classical 
methods are lightweight but less robust. DL meth-
ods improve accuracy but increase computation. 
TinyML methods reduce memory cost but often 
keep a fixed inference path. Adaptive and cascad-
ed inference can reduce average computation, but 
existing designs have limited use of cross-window 
feature reuse and limited validation on MCU-class 

selective activation, FIFO-based reuse of CNN 
embeddings, and full on-device evaluation on ESP32-

S3 and STM32F407 MCUs.

3.Proposed CNN-ResNet
Architecture

3.1. System Overview
The proposed fall detection system uses a two-stage 
cascaded architecture designed for computation-
aware inference, as shown in Figure 1. Stage 1 is a 
lightweight CNN that processes each incoming 
accelerometer window. It performs an initial 
ADL/fall classification and extracts a compact 32-
dimensional embedding vector. Each new 
embedding is pushed into a FIFO buffer, which 
retains the most recent embeddings for Stage 2. The 
conditional trigger then checks the ADL confidence 
produced by Stage 1. If the ADL confidence is greater 
than or equal to , the system accepts the Stage 1 
decision and does not activate the second stage. If the 
ADL confidence is below the selected threshold, 
Stage 2 is activated. The ResNet then receives the six 
most recent CNN embeddings from the FIFO buffer 
and produces the final ADL or fall decision.

Algorithm 1: Computation-Aware Cascaded CNN-
ResNet Inference

Input: ,
Output: 

1 [ , ( ), ( )] S1_CNN( )
2 [ , , , , , ]
3 if ( )
4
5 else
6 Reshape( ) to (6, 32, 1)
7 [ (ADL), (Fall)] S2_ResNet( )

8 argmax( )
9 end if

10 return 

This design separates simple and uncertain 
cases. Clear ADL windows are processed only 
by the lightweight CNN, while the stronger 
ResNet classifier analyzes windows with lower 
ADL confidence. Therefore, the system can 
reduce the average computational cost while 
preserving temporal context for difficult motion 
patterns. The overall inference flow is 
summarized in Algorithm 1.

The following subsections detail the CNN stage 
and feature extraction (Section 3.2), the 
conditional trigger mechanism (Section 3.3), 
and the ResNet-based classification stage 
(Section 3.4).

3.2. Stage 1: Lightweight CNN
Stage 1 receives windowed accelerometer data 
and produces both an initial class prediction 
and an embedding vector for Stage 2. The input 
contains four channels derived from the triaxial 
accelerometer signals: the x, y, and z axes, and 
the RMS magnitude. The RMS value at time 
step is defined as:

RMS = + + . (1)

Gyroscope channels are not used in this study 
to reduce sensor power consumption while 
retaining useful fall detection information from 
acceleration signals. Each four-channel input 
window is normalized by z-score normalization 
before being passed to the CNN:

Figure 1
Overview of the computation-aware cascaded CNN-ResNet architecture.

Figure 1
Overview of the computation-aware cascaded CNN-ResNet architecture.

wearable hardware. This study addresses this gap 
by combining confidence-based selective acti-
vation, FIFO-based reuse of CNN embeddings, 
and full on-device evaluation on ESP32-S3 and 
STM32F407 MCUs.

3. Proposed CNN-ResNet 
Architecture
3.1. System Overview
The proposed fall detection system uses a two-
stage cascaded architecture designed for computa-
tion-aware inference, as shown in Figure 1. Stage 1 is 
a lightweight CNN that processes each incoming ac-
celerometer window. It performs an initial ADL/fall 
classifi cation and extracts a compact 32-dimension-
al embedding vector. Each new embedding is pushed 
into a FIFO buff er, which retains the most recent 
embeddings for Stage 2. The conditional trigger 
then checks the ADL confi dence produced by Stage 
1. If the ADL confi dence is greater than or equal to 
θ, the system accepts the Stage 1 decision and does 
not activate the second stage. If the ADL confi dence 
is below the selected threshold, Stage 2 is activated. 
The ResNet then receives the six most recent CNN 
embeddings from the FIFO buff er and produces the 
fi nal ADL or fall decision.



Information Technology and Control 2026/3/551176

This design separates simple and uncertain cas-
es. Clear ADL windows are processed only by the 
lightweight CNN, while the stronger ResNet classi-
fier analyzes windows with lower ADL confidence. 
Therefore, the system can reduce the average com-
putational cost while preserving temporal context 
for difficult motion patterns. The overall inference 
flow is summarized in Algorithm 1.
The following subsections detail the CNN stage and 
feature extraction (Section 3.2), the conditional trig-
ger mechanism (Section 3.3), and the ResNet-based 
classification stage (Section 3.4).

3.2. Stage 1: Lightweight CNN
Stage 1 receives windowed accelero23meter data 
and produces both an initial class prediction and an 
embedding vector for Stage 2. The input contains 
four channels derived from the triaxial accelerome-
ter signals: the x, y, and z axes, and the RMS magni-
tude. The RMS value at time step t is defined as:

 is defined as: 

RMS = 2+ 2+ 2
 
. (1)

Gyroscope channels are not used in this study to 
reduce sensor power consumption while retaining 
useful fall detection information from accelera-
tion signals. Each four-channel input window is 
normalized by z-score normalization before being 
passed to the CNN:

Algorithm 1: Computation-Aware Cascaded CNN-ResNet 
Inference

Input: xt, θ
Output: yt

1 [et, pt(ADL), pt(Fall)] ← S1_CNN(xt)
2 Bt ← [et-5,et-4,et-3,et-2,et-1,et]
3 if pt (ADL) ≥ θ then
4 yt ← ADL
5 else
6 Zt ← Reshape(Bt) to (6, 32, 1)
7 [qt(ADL), qt (Fall)] ← S2_ResNet(Zt)
8 yt ← argmax(qt)
9 end if
10 return yt

before being passed to the CNN:

=
− μ
σ ,

 
, (2)

where μ and σ denote the mean and standard devia-
tion computed over the training data of each chan-
nel. In each LOSO fold, these values are computed 
only from the training subjects to avoid information 
leakage from the held-out test subject.
The Stage 1 CNN first applies four parallel 1D con-
volution branches, one for each input channel. Each 
branch uses 16 filters, a kernel size of 33 samples, 
and a stride of 7 samples. At 50 Hz, a 33-sample 
kernel corresponds to about 0.66 s, which is long 
enough to capture short acceleration patterns as-
sociated with abrupt posture changes, as supported 
by prior fall detection studies [24], [33]. The branch 
outputs are concatenated and reshaped for 2D con-
volution. The following 2D convolution uses 32 fil-
ters with a kernel size of (4, 3), matching the output 
shape and parameter count reported in Table 1. The 
resulting features are passed through dense layers 
to obtain the embedding and final softmax output. 
The complete Stage 1 architecture is summarized 
in Table 1.
Stage 1 produces two outputs. The first output is the 
32-dimensional embedding vector extracted from 
the penultimate dense layer:

32= ( ) ∈ R  . (3)

Layer Output Param #

Input (N, 100, 4) 0

Channel Convolutions (x4) (N, 10, 1, 16) 2,176

Concat & Reshape (N, 4, 10, 16) 0

Conv2D (N, 1, 8, 32) 6,176

Flatten & Dense (N, 64) 16,448

Dense (emb) (N, 32) 2,080

Output (Dense) (N, 2) 66

Total Parameters: 26,946

Table 1
Lightweight CNN Model Architecture.
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The second output is the softmax probability vector 
for ADL and fall classes:

vector for ADL and fall classes: 

( ), ( ) = ( ) . (4)

The lightweight CNN contains 26,946 parameters. 
This compact size makes it suitable for continuous 
first-stage screening on MCU-based wearable devices.

3.3. Conditional Trigger Mechanism
The conditional trigger controls whether the system 
accepts the Stage 1 output or activates the Stage 2 
ResNet. At each time step t, the embedding et from 
Stage 1 is pushed into the FIFO buffer. The buffer 
stores the six most recent embeddings and forms the 
temporal context matrix:

 

B = −5, … , ∈ R × .326
 . (5)

The trigger uses the ADL confidence pt(ADL) and a 
predefined threshold (θ). The final decision is de-
fined as:

decision is defined as: 

̂ = (B ),  ( )  < 
,  ( )  ≥ 

.
 .

(6)

If pt(ADL) is greater than or equal to θ, the system 
treats the window as a confident ADL and skips 
Stage 2. If pt(ADL) is lower than θ, the system sends 
the FIFO matrix Bt to Stage 2. The ResNet then pro-
duces the final ADL/fall prediction, serving as a 
refinement classifier for low-confidence windows 
rather than a fall-only confirmation module.
In this study, θ is set to 0.995. This value was select-
ed via a nested LOSO validation on training folds as 
detailed in the experimental evaluation. The trigger 
primarily routes inputs with low ADL confidence to 
the ResNet, thereby allocating additional compu-
tation to uncertain or fall-related motion patterns 
rather than to all inputs.

3.4. Stage 2: ResNet Classifier
When triggered, Stage 2 uses a compact ResNet [16] 
to refine the classification result. The input to the 
ResNet is the FIFO matrix Bt reshaped as a tensor of 
size (6, 32, 1). The six rows represent six consecutive 

CNN embeddings and cover up to 4.5 s of motion his-
tory. The 32 columns represent the learned embed-
ding components from Stage 1. Although this tensor 
is not a natural image, it can be treated as a compact 
two-dimensional feature map. The residual convo-
lutions learn local relations in both the temporal and 
embedding dimensions. This allows Stage 2 to model 
the progression of a fall-related motion rather than 
relying on a single window.
The ResNet architecture includes an initial convo-
lution layer, residual blocks with 32, 64, and 128 fil-
ters, global average pooling, dropout, a dense layer, 
and a final softmax classifier. Batch normalization is 
used in the convolutional and dense blocks to stabi-
lize training. The full architecture is summarized in 
Table 2.
With 405,378 parameters, this second-stage clas-
sifier is larger than the Stage 1 CNN; however, it is 
invoked only when the Stage 1 ADL confidence falls 
below the selected threshold. This selective acti-
vation keeps the average inference cost low during 
continuous monitoring. The choice of ResNet as the 
Stage 2 backbone is further evaluated through the 
ablation study in Section 5.4.

Layer Block Output Param #

Input (N, 6, 32, 1) 0

Initial Conv2D  
+ BatchNorm (N, 6, 32, 32) 416

Residual Block 1,  
32 filters (x2) (N, 6, 32, 32) 37,376

Residual Block 2,  
64 filters (x2) (N, 3, 16, 64) 132,352

Residual Block 3,  
128 filters (x1) (N, 2, 8, 128) 230,912

Global Average Pooling  
+ Dropout (N, 128) 0

Dense  
+ BatchNorm (N, 32) 4,256

Output  
(Dense + Softmax) (N, 2) 66

Total Parameters: 405,378

Table 2
ResNet Architecture Specification.
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4. Experimental Setup
4.1. Dataset and Preprocessing
This study used the publicly available KFall data-
set [48]. The dataset contains inertial data from 32 
young adult participants performing 21 ADLs and 15 
simulated falls. The falls were simulated by healthy 
young adults, not real falls from older users. There-
fore, the results should be interpreted with caution 
when considering clinical elderly populations. The 
inertial sensor was placed at the lower back, which 
is a common position for fall detection. Although 
KFall provides accelerometer, gyroscope, and ori-
entation signals, this study used only four acceler-
ometer-based channels: x, y, z, and RMS magnitude. 
This setting reduces sensing cost while preserving 
motion information useful for fall detection.
The raw signals were recorded at 100 Hz and pro-
cessed in four steps. First, the signals were downsam-
pled to 50 Hz to reduce computation while preserv-
ing the main frequency content of fall movements. 
Second, the continuous signals were segmented into 
2-s windows with a 0.5-s sliding step [33]. Third, 
each four-channel window was normalized using 
z-score normalization. Fourth, each window was as-
signed a binary label using the fall phase annotation 
in KFall. A window was labeled as fall if at least 50% 
of its samples were annotated as the falling phase. If 
the falling phase occupied less than 50% of the win-
dow, the window was labeled as ADL [24].
After preprocessing, the dataset contained 51,639 
ADL windows and 10,565 fall windows. This corre-
sponds to an imbalanced distribution in which ADL 
windows are about five times more frequent than fall 
windows. Therefore, accuracy alone may not fully 
reflect model quality, and precision, recall, and F1-
score are emphasized in the evaluation.

4.2. Evaluation Protocol
The proposed system was evaluated using LOSO 
cross-validation. In each of the 32 folds, data from 
31 subjects were used for training, and data from the 
remaining subject were used for testing. All reported 
classification metrics were computed at the window 
level, with fall treated as the positive class. The final 
results were reported as the mean and standard de-
viation across all LOSO folds.

Four standard metrics were used to evaluate classifi-
cation performance. Accuracy measures the overall 
ratio of correctly classified windows:
windows: 

Accuracy = +
+ + +

.
 
. (7)

Recall measures the ratio of true fall windows that 
are correctly detected:

that are correctly detected: 

Recall =
+  

. (8)

Precision measures the ratio of predicted fall win-
dows that are true fall windows:

windows that are true fall windows:

Precision=
+  

. (9)

The F1-score is the harmonic mean of precision and 
recall:
and recall: 

F1-score = 2 × Precision× Recall
Precision+ Recall 

. (10)

Because the dataset is imbalanced, precision, recall, 
and F1-score are more informative than accuracy 
alone. Recall is important because missed falls are 
safety critical, while precision is important because 
false alarms can reduce user trust. To compare the 
proposed cascaded model with the standalone CNN 
baseline, a paired t-test was applied to the F1-scores 
obtained from the 32 LOSO folds. Cohen's d was also 
reported as the effect size.
Two additional metrics were used to analyze the cas-
cade's computation-aware behavior. The trigger rate 
was expressed on the ADL side as:

trigger rate was expressed on the ADL side as:

 =
+  

. (11)

The fall miss rate was expressed as:
The fall miss rate was expressed as:

 =
+

.
 
. (12)
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Here, (TN + FP) is the total number of ADL win-
dows, and (TP + FN) is the total number of fall win-
dows. These metrics quantify the trade-off between 
ADL false-trigger behavior and missed fall windows.

4.3. Ablation Study Design
Two ablation studies were conducted to validate the 
main design choices of the proposed architecture. 
The first ablation examined the effect of FIFO buf-
fer length. The number of consecutive embeddings 
stored in the buffer was varied across five settings: 
4, 5, 6, 7, and 8. All other preprocessing and model 
settings were kept unchanged. This experiment was 
used to determine the amount of temporal context 
required by Stage 2 for reliable, refined classification.
The second ablation evaluated the Stage 2 back-
bone. The Stage 1 CNN was kept fixed, and the same 
FIFO embedding sequences were used for all can-
didate backbones. Only the Stage 2 backbone was 
replaced. Three lightweight models, including LeN-
et-5 [26], MobileNetV1 [18], and SqueezeNet [21], 
were compared with ResNet under the same LOSO 
protocol. Each candidate was evaluated using clas-
sification performance, parameter count, quantized 
model size, and on-device inference latency. For the 
backbone ablation, latency was measured on the 
ESP32-S3 MCU. This setting supports a fair com-
parison of Stage 2 candidates under the same em-
bedded deployment target.

4.4. MCU Deployment Setup
To evaluate practical deployment feasibility, the 
trained models were quantized and deployed on two 
representative MCUs: the ESP32-S3 with an Xten-
sa LX7 dual-core processor at 240 MHz and the 
STM32F407 with an ARM Cortex-M4 processor at 
168 MHz. These platforms represent two common 
embedded targets for TinyML systems. The trained 
models were converted to TensorFlow Lite for Mi-
crocontrollers [11] format and then quantized to 
8-bit integer precision. The quantized models were 
compiled into C source code arrays for execution on 
the devices.
Platform-specific acceleration libraries were used to 
improve inference speed. ESP-NN was used for the 
ESP32-S3 with the ESP-IDF toolchain, while CM-
SIS-NN was used for the STM32F407 with ARM 
Compiler v6. All firmware builds were compiled with 

the -O2 optimization level. The deployment evalua-
tion measured flash usage, peak RAM consumption, 
and inference latency. Latency was averaged over 
10,000 runs for both Stage 1 and Stage 2.
System-level average latency was evaluated under 
two operating scenarios. The first scenario rep-
resents daily monitoring, where most windows are 
ADL windows and only a small portion activates the 
ResNet. Based on the trigger rate analysis across ac-
tivity groups in Section 5.3, routine ADLs typically 
yield very low ResNet invocation rates. In contrast, 
abrupt ADL patterns and fall-adjacent segments 
yield higher rates. Therefore, a 3–5% ResNet invo-
cation range was selected as a conservative ADL 
operating scenario. The second scenario represents 
the worst-case fall condition, where the ResNet is 
invoked for all windows. These two scenarios show 
both the expected average cost during daily use and 
the upper latency bound when the second stage is 
fully activated.

5. Results and Analysis
5.1. Overall LOSO Performance
The proposed cascaded CNN-ResNet system 
achieved strong, stable performance under the 
LOSO cross-validation protocol. Across 32 folds, the 
model reached an accuracy of 98.97% ± 0.39%, pre-
cision of 98.48% ± 0.91%, recall of 97.96% ± 0.95%, 
and F1-score of 98.21% ± 0.62%. The 95% confi-
dence interval (95% CI) of the F1-score was 97.99% 
to 98.43%, showing that the system maintained a 
consistent balance between missed fall reduction 
and false alarm control across unseen subjects. As 
shown in Figure 2, the metric distributions are tight-
ly concentrated across LOSO folds, indicating that 
the proposed cascade provides stable subject-inde-
pendent performance rather than isolated improve-
ments in only a few subjects.
The aggregated confusion matrix in Figure 3 also 
supports the overall result. The cascaded model cor-
rectly detected 98.0% of fall windows and reduced 
the missed fall rate to about 2.0%. At the same time, 
ADL recognition remained high, with about 99.4% of 
ADL windows assigned to the ADL class. These re-
sults indicate that the system improves fall sensitiv-
ity while keeping false alarms low.
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Figure 3
Aggregated confusion matrices (CNN and CNN-ResNet).

The subject-wise results in Figure 4 further show 
that the F1-score remained above 97% for all sub-
jects, with the lowest values observed for P7, P23, 
and P24. These cases showed different error ten-
dencies rather than a single failure mode. P7 ex-
hibited a relatively balanced reduction in precision 
and recall, suggesting comparable contributions 
from false alarms and missed falls. P23 showed 
lower precision while maintaining recall, suggest-
ing that some subject-specific ADL patterns were 
more likely to be misclassified as falls. Conversely, 
P24 maintained high precision but showed low-
er recall, suggesting that some fall windows were 
less distinguishable from ADL windows and were 
therefore missed. These patterns highlight the dif-
ficulty of subject-independent LOSO evaluation. 
They are consistent with the trigger analysis, which 
found that abrupt ADLs, such as picking up an ob-

ject, collapsing into a chair, and lying down quickly, 
produced higher ResNet activation rates because of 
their similarity to fall-related motions. At the upper 
end, several subjects achieved F1-scores above 99%, 
indicating reliable classification for well-separated 
motion patterns.

5.2. Cascaded Architecture Eff ectiveness
This experiment examines whether the sec-
ond-stage ResNet provides a statistically meaning-
ful improvement over the lightweight CNN gate-
keeper alone. The proposed CNN-ResNet model 
was compared with the standalone CNN baseline 
under the same LOSO setting. As shown in Figure 
2, the cascaded model improved all four metrics. 
The F1-score increased from 95.98% to 98.21%, 
while precision increased from 96.59% to 98.48%. 
These results confirm that the ResNet refinement 
stage enhances overall fall detection performance 
while reducing false alarms.
The confusion matrices in Figure 3 show the same 
trend. The standalone CNN detected 95.4% of fall 
windows and missed 4.6%, while the cascaded 
CNN-ResNet detected 98.0% of fall windows and 
missed 2.0%. This improvement is important be-
cause missed falls are the most critical error type in 
fall monitoring. The paired t-test on the F1-scores 
across the 32 LOSO folds confirmed that the im-
provement was statistically significant, with t(31) = 
12.038, p < 0.0001, and Cohen's d = 2.128. Therefore, 
the performance gain is consistent across subjects 
and is not driven by only a small number of favor-
able cases.

5.3. Trigger Mechanism Analysis
This analysis examines whether the confi dence 
threshold can reduce missed fall windows while 
keeping ResNet invocation low for routine ADLs. 
The confi dence threshold that controls Stage 2 acti-
vation was selected using a nested LOSO procedure. 
Candidate threshold values from θ = 0.90 to θ = 1.00 
were evaluated within the training portion of each 
LOSO fold to avoid test-subject leakage. Four indica-
tors were analyzed: ADL precision, fall recall, ResNet 
trigger rate, and fall miss rate, as shown in Figure 5.
ADL precision remained high over the full thresh-
old range, changing only slightly from about 99.4% 
to 99.7%. In contrast, fall recall increased as θ in-

Figure 2
Comparative performance metrics of standalone CNN and 
proposed CNN-ResNet.
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(a) (b)

Figure 5
Threshold-risk analysis of the confidence-based trigger mechanism: (a) ADL precision and fall recall; (b) fall miss rate and 
ResNet trigger rate.

Figure 4
Per-subject performance metrics in LOSO validation using CNN-ResNet.

creased. It rose from about 97.2% at θ = 0.90 to 
about 98.5% at θ = 0.995. This trend is expected 
because a higher threshold sends more low-confi-
dence windows to Stage 2, which reduces missed 
fall cases. The trigger rate also increased gradu-
ally from about 1.0% at θ = 0.90 to about 1.6% at θ

= 0.995, while the miss rate decreased from about 
2.75% to about 1.5%.
The threshold θ = 0.995 was selected as the fi nal 
operating point because it provided a good balance 
between fall recall and computation. Increasing the 
threshold to θ = 1.00 produced only a small addition-
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al reduction in miss rate, but it also increased the 
variability of the trigger behavior across subjects. 
Therefore, θ = 0.995 was selected as a stable and 
practical operating point rather than the most ag-
gressive setting.
The per-activity trigger analysis in Figure 6 further 
shows that Stage 2 activation follows the motion 
complexity of each activity. Most routine ADLs had 
trigger rates below 1%, indicating that the CNN clas-
sifi ed simple daily movements with high confi dence. 
The highest ADL trigger rate was observed for A15 
(collapse into a chair), at about 4.6%, followed by 
A3 (pick up an object from the fl oor), at about 2.2%, 
and A19 (lie down on the bed quickly), at about 1.1%. 

only a small additional reduction in miss rate,
but it also increased the variability of the trigger
behavior across subjects. Therefore, θ = 0.995
was selected as a stable and practical operating
point rather than the most aggressive setting.

The per-activity trigger analysis in Figure 6
further shows that Stage 2 activation follows the
motion complexity of each activity. Most
routine ADLs had trigger rates below 1%,

Figure 6
Trigger rates for various daily and fall-adjacent activities.

These activities include abrupt posture changes and 
are closer to fall patterns than normal walking or 
standing activities. For the fall-adjacent segments 
F20 to F34, trigger rates ranged from about 3% to 
more than 9%, confi rming that the trigger sends 
more complex, risk-related motions to the ResNet.
Based on this analysis, the 3%–5% invocation range 
used in the MCU benchmark was chosen as a con-
servative ADL operating scenario. This range is 
higher than the trigger rate of most routine ADLs 
and is closer to more diffi  cult activities. It therefore 
gives a slightly stricter latency estimate than a pure-
ly average daily activity setting, while still refl ecting 
realistic selective activation behavior.

5.4. Ablation Studies
The ablation studies test two design choices that di-
rectly aff ect temporal context and embedded cost: 
FIFO length and Stage 2 backbone. The fi rst ablation 
study evaluated the FIFO buff er length. The number 
of consecutive embeddings was varied from 4 to 8, 
as shown in Figure 7. Buff er lengths of 4 and 5 pro-
duced lower F1-scores and wider variability, sug-
gesting that the ResNet received insuffi  cient tempo-
ral context. A buff er length of 6 achieved the highest 
mean F1-score of 98.21% ± 0.62% and the most sta-
ble distribution. Six embeddings cover up to 4.5 s of 
raw motion history, providing suffi  cient temporal 
information to distinguish falls from fast ADLs. In-
creasing the buff er length to 7 or 8 did not improve 
performance and slightly reduced consistency, pos-
sibly because older embeddings added less relevant 
information. Therefore, a FIFO length of 6 was used 
in the fi nal system. 
To assess the impact of the Stage 2 backbone, LeN-
et-5, MobileNetV1, SqueezeNet, and ResNet were 
compared using the same FIFO embedding input 
and LOSO protocol. The results are shown in Ta-
ble 3. ResNet achieved the highest accuracy and 
F1-score, while SqueezeNet achieved a very close 
F1-score with lower latency. This indicates a clear 
trade-off between maximum accuracy and lower 
Stage 2 latency. 
Although ResNet has the highest Stage 2 inference 
latency among the tested backbones, this cost is ac-
ceptable in the proposed cascade because Stage 2 is 
activated only for a small portion of windows. The 
latency is therefore amortized over many low-cost 

indicating that the CNN classified simple daily 
movements with high confidence. The highest ADL 
trigger rate was observed for A15 (collapse into a 
chair), at about 4.6%, followed by A3 (pick up an 
object from the floor), at about 2.2%, and A19 (lie 
down on the bed quickly), at about 1.1%. These 
activities include abrupt posture changes and are 
closer to fall patterns than normal walking or 
standing activities. For the fall-adjacent segments F20 
to F34, trigger rates ranged from about 3% to more 
than 9%, confirming that the trigger sends more 
complex, risk-related motions to the ResNet.

Based on this analysis, the 3%–5% invocation range 
used in the MCU benchmark was chosen as a 
conservative ADL operating scenario. This range is 
higher than the trigger rate of most routine ADLs and 
is closer to more difficult activities. It therefore gives 
a slightly stricter latency estimate than a purely 
average daily activity setting, while still reflecting 
realistic selective activation behavior.

5.4. Ablation Studies

The ablation studies test two design choices that 
directly affect temporal context and embedded cost: 
FIFO length and Stage 2 backbone. The first ablation 
study evaluated the FIFO buffer length. The number 
of consecutive embeddings was varied from 4 to 8, as 
shown in Figure 7. Buffer lengths of 4 and 5 produced 
lower F1-scores and wider variability, suggesting 
that the ResNet received insufficient temporal 
context. A buffer length of 6 achieved the highest 
mean F1-score of 98.21% ± 0.62% and the most stable 
distribution. Six embeddings cover up to 4.5 s of raw 
motion history, providing sufficient temporal 
information to distinguish falls from fast ADLs. 
Increasing the buffer length to 7 or 8 did not improve 
performance and slightly reduced consistency, 
possibly because older embeddings added less 
relevant information. Therefore, a FIFO length of 6 
was used in the final system.

To assess the impact of the Stage 2 backbone, LeNet-

5, MobileNetV1, SqueezeNet, and ResNet were 
compared using the same FIFO embedding 
input and LOSO protocol. The results are 
shown in Table 3. ResNet achieved the highest 
accuracy and F1-score, while SqueezeNet 
achieved a very close F1-score with lower 
latency. This indicates a clear trade-off between 
maximum accuracy and lower Stage 2 latency.

Although ResNet has the highest Stage 2 
inference latency among the tested backbones, 
this cost is acceptable in the proposed cascade 
because Stage 2 is activated only for a small 
portion of windows. The latency is therefore 
amortized over many low-cost CNN-only 
decisions. SqueezeNet is a strong alternative 
when a lower Stage 2 latency is preferred, as its 
F1-score is close to that of ResNet. However, 
ResNet was selected as the final architecture 
because it achieved the best overall F1-score and 

the most consistent classification performance 
across the reported experiments.

5.5. On-Device Benchmarking
The MCU benchmark evaluates whether the 
proposed cascade can meet the latency and 
memory constraints of practical TinyML 
deployment. The on-device performance of the 
proposed system was evaluated on the ESP32-
S3 and STM32F407 MCUs. The full 
benchmarking results are summarized in Table 
4. At the component level, the Stage 1 CNN is 
small and fast, with about 174 KFLOPs, a 
quantized model size of 22.6 KB, and an 
inference time of 4.9 ms on the ESP32-S3 and 2.9 
ms on the STM32F407. The Stage 2 ResNet is 
more computationally demanding, with about 
32.6 MFLOPs, a quantized model size of about 
435 KB, and an inference time of 247 ms on the 
ESP32-S3 and 223 ms on the STM32F407 when 
activated.

Table 3
Performance of candidate Stage 2 backbones.

Model Acc.
(%)

F1.
(%)

Param
#

Size
(KB)

Inf.
(ms)

LeNet-5
98.33
± 0.55

97.10
± 0.89 61,026 70.6 43

Mobile
NetV1

98.80
± 0.39

97.90
± 0.71

281,874 364.2 39

Squeeze
Net

98.91
± 0.40

98.11
± 0.68 407,186 500.3 192

ResNet 98.97
± 0.39

98.21
± 0.62

405,378 435.5 247

Figure 7
Classification performance across FIFO buffer lengths.
Figure 7
Classification performance across FIFO buffer lengths.
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CNN-only decisions. SqueezeNet is a strong alter-
native when a lower Stage 2 latency is preferred, as 
its F1-score is close to that of ResNet. However, Res-
Net was selected as the final architecture because it 
achieved the best overall F1-score and the most con-
sistent classification performance across the report-
ed experiments.

5.5. On-Device Benchmarking
The MCU benchmark evaluates whether the pro-
posed cascade can meet the latency and memory 
constraints of practical TinyML deployment. The 
on-device performance of the proposed system 
was evaluated on the ESP32-S3 and STM32F407 
MCUs. The full benchmarking results are summa-

Model Acc. (%) F1. (%) Param # Size (KB) Inf. (ms)

LeNet-5 98.33 ± 0.55 97.10 ± 0.89 61,026 70.6 43

MobileNetV1 98.80 ± 0.39 97.90 ± 0.71 281,874 364.2 39

SqueezeNet 98.91 ± 0.40 98.11 ± 0.68 407,186 500.3 192

ResNet 98.97 ± 0.39 98.21 ± 0.62 405,378 435.5 247

Table 3
Performance of candidate Stage 2 backbones.

ESP32-S3 STM32F407 Notes

MCU Characteristics

Core architecture Xtensa LX7 ARM Cortex-M4

Clock speed (MHz) 240 168

Compiler xtensa-esp32s3-elf-gcc ARM compiler v6

Stage 1: CNN model

Est. FLOPs ~174 KFLOPs (0.17 MFLOPs) Using get_flops

Model size (KB) 22.6 After 8-bit quantization

Inference time (ms) 4.9 2.9 Average over 10,000 runs

Stage 2: ResNet model (when activated)

Est. FLOPs ~32.6 MFLOPs Using get_flops

Model size (KB) 435 After 8-bit quantization

Inference time (ms) 247 223 Average over 10,000 runs

Cascaded system (CNN-ResNet)

Firmware total flash usage (KB) 775 692 Firmware with combined model

Peak system RAM usage (KB) 289 43.8 Approx. peak system RAM

Avg. inf. time (ADL) (ms) 12.3 – 17.3 9.6 – 14.1

Avg. inf. time (Fall) (ms) 251.9 225.9

Table 4
Embedded inference latency & memory footprint (ESP32-S3 vs STM32F407).
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rized in Table 4. At the component level, the Stage 
1 CNN is small and fast, with about 174 KFLOPs, a 
quantized model size of 22.6 KB, and an inference 
time of 4.9 ms on the ESP32-S3 and 2.9 ms on the 
STM32F407. The Stage 2 ResNet is more compu-
tationally demanding, with about 32.6 MFLOPs, a 
quantized model size of about 435 KB, and an infer-
ence time of 247 ms on the ESP32-S3 and 223 ms on 
the STM32F407 when activated. 
For memory usage, the combined firmware required 
775 KB of flash on the ESP32-S3 and 692 KB on the 
STM32F407. Peak RAM usage was 289 KB on the 
ESP32-S3 and 43.8 KB on the STM32F407. These 
values indicate that the cascaded model fits within 
the memory budgets of the tested MCU platforms. 
The difference in RAM usage is mainly related to plat-
form and toolchain behavior during model execution.
At the system level, the measured trigger rate of 
1.6% at θ = 0.995 yields average inference times of 
about 8.9 ms on the ESP32-S3 and 6.5 ms on the 
STM32F407. Under the more conservative ADL 
scenario with a 3%–5% ResNet invocation rate, the 
average latency increases to 12.3–17.3 ms on the 
ESP32-S3 and 9.6–14.1 ms on the STM32F407. In 
the fall scenario, where the ResNet is invoked for 
every window, the latency is 251.9 ms and 225.9 ms, 
respectively. These values remain below the 500 
ms sliding-window interval, supporting real-time 
on-device inference for post-event fall detection 
on the tested MCU platforms. For stricter latency 
budgets, the modular Stage 2 design allows a lighter 
backbone, such as SqueezeNet or MobileNetV1, to 
be considered with a small reduction in F1-score.

Method Validation Accuracy (%) Precision (Fall, %) Recall (Fall, %) F1-Score (Fall, %) Model size

FDSNeXt  K-fold 92.52 - - 92.34 -2

PreFallKD LOSO 98.05 90.62 94.79 92.66 0.06 MB

Ensemble ML Hold-out 98.00 - 99.00 95.00 -2

TinyFallNet Hold-out 98.00 - 99.32 98.061 0.70 MB

CNN-BiLSTM Hold-out 97.93 100 97.96 98.961 1.73M param.

CNN-ResNet LOSO 98.97 98.48 97.96 98.21 0.46 MB
1  F1-score was not directly reported in the summary table of the source paper;
2 Model size was not reported.

Table 5
Benchmark comparison with SOTA fall detection models on KFall dataset.

6.  Discussion
The experimental results suggest that the proposed 
cascaded CNN-ResNet architecture is a promising 
direction for fall detection on MCU-based wear-
able devices. The model achieved high LOSO per-
formance while keeping the average inference cost 
low by selectively activating the second stage. How-
ever, these findings should be interpreted within 
the scope of the present study. The dataset is based 
on simulated falls from healthy young adults, and 
the deployment analysis reports latency and mem-
ory usage rather than direct power measurements. 
Therefore, the following discussion focuses on de-
tection performance, average computation, and de-
ployment feasibility, while recognizing the current 
limits of clinical and energy-related claims.

6.1. Comparison with State-of-the-Art
The comparison with prior studies should be inter-
preted carefully, as the reported methods do not use the 
same validation protocol or even the same fall detec-
tion objective. As summarized in Table 5, some studies 
use hold-out validation, some use K-fold validation, 
and others use LOSO validation. In addition, not all 
methods report the same set of metrics, model size, or 
deployment results. For this reason, Table 5 is intended 
to provide context rather than a strict ranking. 
Within this context, the proposed model compares 
favorably with several recent methods while being 
evaluated under LOSO validation and supported by 
MCU deployment results. The reported F1-score is 
higher than those of FDSNeXt [17], PreFallKD [10], 
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and Ensemble ML [9], and it is close to the strongest 
hold-out-based results. TinyFallNet is a particu-
larly relevant reference because it targets TinyML 
deployment. However, TinyFallNet [25] is designed 
for pre-impact fall detection, whereas the present 
study addresses post-event or window-based fall 
detection on KFall. The two settings are related but 
not identical, so the comparison should be viewed as 
complementary rather than direct.
The CNN-BiLSTM [35] result is also informative. 
Its reported F1-score is slightly higher than that of 
the proposed model, but it was obtained under hold-
out validation rather than LOSO validation. In addi-
tion, the network contains 1.73 million parameters, 
and recurrent models such as BiLSTM usually re-
quire substantial sequential computation. Since no 
MCU deployment metrics are reported, this archi-
tecture may be more challenging to deploy on small 
wearable devices than the proposed cascaded model. 
Taken together, these comparisons suggest that the 
proposed system offers a strong compromise among 
subject-independent evaluation, compact quantized 
size, and measured on-device feasibility. 

6.2. Computation-Awareness Paradigm
The results also highlight the value of computa-
tion-aware inference as the main conceptual con-
tribution of this work. The key point is not only that 
Stage 2 is activated selectively, but also that the sys-
tem reuses compact CNN embeddings through the 
FIFO buffer. In many cascaded systems, uncertain 
inputs are passed to a stronger classifier, and inter-
mediate features from earlier windows are discard-
ed. In the proposed design, the embeddings extracted 
by Stage 1 are preserved and assembled into a short 
temporal context for Stage 2. This allows the ResNet 
to refine the decision using motion history without 
reprocessing raw sensor signals from scratch.
This feature reuse is particularly useful in WFDS be-
cause uncertainty often develops across a sequence 
of adjacent windows rather than within a single iso-
lated window. A rapid sit-down, lying-down transi-
tion, or chair collapse may appear to be a fall when 
viewed in a single short segment. When the recent 
embedding history is taken into account, the tempo-
ral progression becomes clearer. This is consistent 
with the trigger analysis in Section 5.3, where rou-
tine ADLs usually remained below 1% trigger rate, 

while fall-adjacent segments reached much higher 
trigger rates. Those segments tend to contain abrupt 
acceleration changes, posture transitions, and im-
pact-like motion patterns that overlap more strongly 
with the fall class, which naturally reduces Stage 1 
confidence and activates Stage 2 more often.
Another useful implication is that computa-
tion-aware inference can reduce average latency 
without requiring a large model to run at every win-
dow. In this study, the benefit should be interpreted 
in terms of average computation and average laten-
cy rather than measured power savings, since di-
rect power measurements were not collected. The 
threshold-based routing mechanism may also offer a 
path toward user-specific adaptation. For example, a 
more conservative threshold could be used for users 
at higher fall risk, while a stricter threshold could re-
duce unnecessary Stage 2 activation in low-risk set-
tings. However, threshold personalization was not 
evaluated in the present study and should therefore 
be viewed as a potential extension for future work.

6.3. Limitations and Future Work
Several limitations should be considered when inter-
preting the present results. First, the KFall dataset 
contains simulated falls from healthy young adults 
rather than real falls from elderly users. Therefore, 
although the dataset is useful for controlled model 
evaluation, the results may not directly generalize to 
clinical elderly populations. Second, the present eval-
uation is based on window-level metrics. Although 
this is suitable for model comparison, event-level 
recall, event-level latency, and alarm delay were not 
measured, so the system's practical response behav-
ior remains only partially characterized. Relatedly, 
the sensitivity of preprocessing choices, including 
window length, sliding step, and the fall-label percent-
age threshold, was not evaluated in this study. Future 
work should examine how these parameters affect 
event-level detection performance and alarm delay.
Third, the deployment study quantified latency, flash 
usage, and RAM usage, but it did not include direct 
power or energy measurements. As a result, the cur-
rent evidence supports lower average computation 
and lower average latency, but not quantified energy 
savings. Fourth, the trigger mechanism relies on the 
softmax confidence of Stage 1. Although the thresh-
old was carefully selected via nested LOSO valida-
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tion, the confidence scores were not formally cal-
ibrated. This leaves open the question of threshold 
robustness when the data distribution varies across 
datasets, user groups, or sensor conditions.
These limitations suggest a clear research path for 
the future. The first priority is validation on real fall 
data from elderly users. The second is cross-dataset 
evaluation on benchmarks such as SisFall, URFALL, 
and MobiAct. Third, confidence calibration of the 
Stage 1 gatekeeper should be investigated, for exam-
ple, using temperature scaling to improve the reli-
ability of confidence scores. The fourth is event-lev-
el evaluation, including event recall and alarm delay. 
The fifth is energy profiling during continuous oper-
ation on the target hardware. Finally, deployment on 
lower-power MCUs would help determine how well 
the proposed computation-aware inference strategy 
scales under even tighter resource constraints.
 

7.  Conclusion
This study presented a cascaded CNN-ResNet archi-
tecture for fall detection on TinyML wearable devic-
es. The proposed framework combines a lightweight 
CNN gatekeeper with a ResNet refinement stage 
through a FIFO embedding buffer, allowing the system 

to allocate additional computation only to low-confi-
dence windows. Under LOSO evaluation on the KFall 
dataset, the model achieved 98.97% accuracy, 98.48% 
precision, 97.96% recall, and 98.21% F1-score. The de-
ployment results on the ESP32-S3 and STM32F407 
showed that the proposed design can support real-time 
on-device inference within the 500 ms decision inter-
val. The worst-case latency remained below 252 ms 
when the second stage was fully activated, while the 
average latency remained much lower during typical 
operation because the ResNet is invoked selectively. 
These findings indicate that the proposed cascade can 
maintain high detection performance while reducing 
average computation on MCU-based wearable plat-
forms. At the same time, the present results should 
be interpreted within the scope of the dataset, which 
contains simulated falls from healthy young adults 
rather than real falls from elderly users. Future work 
will therefore focus on validation with real elderly fall 
data, cross-dataset evaluation, confidence calibration 
for the trigger mechanism, event-level evaluation, di-
rect power measurements, and deployment on low-
er-power MCUs.
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