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ABSTRACT
For long, we have studied tiny energy harvesters to liberate sensors
from batteries. With remarkable progress in embedded deep learn-
ing, we are now re-imagining these sensors as intelligent compute
nodes. Naturally, we are approaching a crossroad where sensor
intelligence is meeting energy autonomy enabling maintenance-
free swarm intelligence and unleashing a plethora of applications
ranging from precision agriculture to ubiquitous asset tracking to
infrastructure monitoring. One of the critical challenges, however,
is to adapt intelligence fidelity in response to available energy to
maximise the overall system availability. To this end, we present
the design and implementation of ePerceptive: a novel framework
for best-effort embedded intelligence, i.e., inference fidelity varies
in proportion to the instantaneous energy supplied. ePerceptive op-
erates on two core principles. First, it enables training a single deep
neural network (DNN) to operate on multiple input resolutions
without compromising accuracy or incurring memory overhead.
Second, it modifies a DNN architecture by injecting multiple exits
to guarantee valid, albeit lower-fidelity inferences in the event of
energy interruption. The combination of these techniques offers
a smooth adaptation between inference latency and recognition
accuracy while matching the computational load to the available
power budget. We report the manifestation of ePerceptive in de-
signing batteryless cameras and microphones built with TI MSP430
MCU and off-the-shelf RF and solar energy harvesters. Our evalua-
tion of these batteryless sensors with multiple vision and acoustic
workloads suggest that the dynamic adaptation of ePerceptive can
increase the inference throughput by up to 80% compared to a static
baseline while ensuring a maximum accuracy drop of less than 6%.
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1 INTRODUCTION
The long-sought vision of swarm intelligence is in our periph-
ery. Resilient efforts in energy engineering and harvesting circuits
have brought us closer to a graspable future in which, billions and
trillions of tiny batteryless sensors will collect, process and com-
municate data about people, places and things [39]. In parallel, we
are observing a steady transition of machine intelligence from on-
cloud solutions to on-device (e.g., smartphones, smartwatches, etc.)
solutions [1, 35]. With remarkable advancement in embedded deep
learning and SoC accelerators, we are now pushing computation
further down the system stack - bringing intelligence at the sensor
level [18, 38]. The convergence of these two threads means, for
the first time, we will be able to realise the “Deploy and Forget”
vision whereby trillions of sensors will perceive and act in the
environment around us and will uncover myriad of applications
across verticals. For instance, in agriculture, every plant could be
monitored for precision irrigation, ensuring high yield at minimum
cost. In fleet and asset management, disposable tags could enable
fine-grained tracking to minimise financial losses caused bymissing
inventories or to increase RoI achieved through superior customer
satisfaction. The applications are endless including wild-life con-
servation [16], healthcare [10], energy-efficient buildings [2] and
many more.

Batteryless sensors first harvest energy (e.g. from solar or RF)
and buffer it in the storage and then, when sufficient energy is
available, they activate to perform their task (i.e. sensing, compute
and communication). Naturally, such a sensor is characterised by
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Fig. 1: ePerceptive enables batteryless sensors to dynamically adapt
the inference quality in response to available energy by utilising
DNNs that operate on multi-resolution inputs and provide infer-
ences of varying �delity with multiple exit branches.

high uncertainty, as the time at which it is awake and can sense the
environment or process incoming data is highly unpredictable [33].
Given the challenging operating conditions, batteryless sensors are
often con�ned to low-�delity and low data-rate sensors, such as
inertial measurement units or environmental sensors. Their data
processing pipelines are also limited to simple operations like av-
eraging or peak detection. Recent works on embedded machine
learning have shown how accurate, on-device Deep Neural Net-
works (DNNs) could signi�cantly improve the perception ability
of ultra low-power devices and thereby reduce data transmission
overhead enabling applications that can run for longer [18, 29, 38].

However, one of the critical challenges to bring embedded deep
learning into batteryless sensors is to make the model's operational
behaviour reactive to the uncertain energy supply of the sensors,
to maximise the overall system availability. DNN models, typically
monolithic, require invasive retraining, and in some instances ar-
chitectural restructuring when their resource footprints need to be
adjusted. Although there are several techniques for such model re-
engineering [6,25,28,32], the process is static and unable to �exibly
adapt to �uctuating energy availability. Moreover, current DNN
models, once retrained or restructured, can output an inference
if and only if resource availability is above a requisite threshold.
Such rigidity is, again, problematic for batteryless sensors as when
available energy falls below this threshold, sensor nodes are unable
to convert data into inferences.

Building on these observations, in this paper, we investigate a
speci�c challenge, namely:�Given that energy availability of a bat-
teryless sensor varies over time, can we design an energy reactive data
processing and inference pipeline that can o�er smooth adaptation
between compute latency and recognition accuracy while matching
the computational load to the available energy budget?�

To this end, we present the design and implementation of ePer-
ceptive: a novel framework for best-e�ort inference�i.e. inference
whose quality varies in proportion to the instantaneous energy
supplied as illustrated in Figure 1. This is in contrast to traditional
application-driven approaches, where the focus is on minimising
the overall power consumption disregarding the instantaneous en-
ergy envelope. ePerceptive operates on two core mechanisms and
is implemented on an extended version of the SONIC intermittent
computing framework [18]:

� The �rst technique exploits the fact that the computational com-
plexity and thereby the energy footprints of DNNs is directly
proportional to their input size, typically with increased accuracy
when the input �delity is higher. ePerceptive takes advantage of
this principle and enables the training of a single model which op-
erates accurately at di�erent input resolutions without the over-
head of storing multiple models in memory. This multi-resolution
inference technique enables the selection of the input dimension,
which ensures the required level of accuracy while keeping the
energy necessary for the inference within the available limit, a
key requirement for batteryless sensors (see Ÿ 4).

� The second technique borrows principles from anytime algo-
rithms and early-exit DNNs [7, 41] and contextualise them in
a batteryless setting. This technique enhances a DNN architec-
ture through careful injection of multiple exits to enable valid
inferences even in the event of energy interruption. This multi-
exit inference mechanism enables a batteryless sensor to output
lower-�delity inferences at intermediate layers in addition to the
�nal deepest output. The technique is introduced in Ÿ 5.

� ePerceptive leverages SONIC framework [18] to manifest these
two adaptive techniques, however with sophisticated extensions
for �exible and controlled grading of performance for batteryless
sensors. We introduce a new model interpreter, purpose-built
bu�er management and a light-weight scheduler to enable SONIC
to support multi-resolution and multi-exit inferences on battery-
less sensors. Details of ePerceptive implementation are in Ÿ 6.

We have designed a batteryless camera and a batteryless micro-
phone with ePerceptive, and evaluated them using two popular
vision datasets, Visual Wake Words [12] (people detection) and
Caltech Camera Traps [4, 5] (animal detection) and one acoustic
dataset, Speech Commands v0.02 [43]. We implement ePerceptive
with two embedded models, variations of MobileNetV1 [23, 48].
These workloads represent realistic but challenging learning tasks
for ultra-low-power sensors in the wild. Our evaluation results
suggest that the dynamic adaptation of ePerceptive can increase
the inference throughput of these sensors by up to 80% compared
to a static baseline while ensuring a maximum accuracy drop of less
than 6%. Taken together these and the rest of our �ndings demon-
strate that ePerceptive can adapt with grace to widely �uctuating
and unknown energy operational conditions.

In what follows, we �rst re�ect on the challenges of designing
batteryless sensors with embedded intelligence. Then we present
the architecture of ePerceptive followed by the detail description of
its two fundamental principles. We then move to the implementa-
tion of ePerceptive and describe its hardware and software. Then we
present the evaluation of ePerceptive with two batteryless sensors
and multiple perception workloads. We then position our research
concerning related work and conclude the paper.

2 BACKGROUND AND CHALLENGES
Energy harvesting systems, or batteryless sensors, have the poten-
tial to enable endless applications at scale with very low cost of
deployment and maintenance [2, 10, 16]. However, they present
signi�cant challenges as they rely on harvesting unpredictable
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(a) (b)

Fig. 2: Relationship between �oating point operations (FLOPs) and
accuracy when changing (a) input resolution and (b) number of lay-
ers. MobileNetv1 mdoels trained on the VWW dataset [12].

energy from the environment and demand radical changes in hard-
ware [13, 14, 21] and software [22, 34, 47] design to ensure robust-
ness to sudden power failures. Thanks to the maturity of recent
hardware and software platforms, we are increasingly observing
complex applications on these systems primarily aiming at detect-
ing interesting events with high accuracy, and minimising com-
munication cost. Indeed, recent works highlight how accurately
detecting interesting events with Deep Neural Networks (DNN)
plays a signi�cant role in reducing communication overhead and
increasing the utility of these systems [18, 38].

DNN models are resource hungry and, more importantly, not
easily scalable at runtime. In fact, once trained, they produce infer-
ences only when there are enough resources (i.e., energy) to execute
the entire network. While intermittent-safe implementations can
guarantee that an inference could span several power failures [18],
they do not automatically enable existing models to produce a valid
output that meets the instantaneous energy envelope. This implies
that, when energy is scarce, a �xed-latency big model will waste
energy completing an inference that could take signi�cant time.
On the other hand, if only a faster but less accurate model is used,
the system cannot take advantage of excess available energy, and
will always produce sub-optimal inferences.

When building a new DNN, there are three control parameters
to scale its computational complexity: (1) the input resolution, (2)
the number of layers and (3) the number of �lters per layer [40].
Other techniques involve re-engineering an existing model after
the initial training [6, 25, 28, 32]. However, without specialised
treatment, these techniques do not solve the problem of adapting
the models' complexity to the variable energy availability.

Figure 2 shows this point. When we train models at higher reso-
lutions (Figure 2a), we obtain progressively more accurate models
at the expense of signi�cant computational complexity. Similarly,
when we remove layers from the model, we observe drops in accu-
racy (Figure 2b). These, however, are individual models that need to
be trained separately and, once trained, have a �xed computational
requirement which cannot be changed at runtime to match a �uc-
tuating energy envelope. A simple way to achieve such dynamism
would be to store all models in memory and select the appropriate
one at runtime based on the energy conditions. However, this is pro-
hibitive for energy harvesting devices which have small memories,
in the order of KBs (e.g. 256KB or 512KB). Techniques like weights
quantisation [25], pruning [32] or layer decomposition [28] could
alleviate this issue. Nevertheless, they su�er accuracy drops when
heavy compression is applied and, moreover, add the overhead of
having to train multiple models.

Table 1: Time and energy consumed by pre-processing operations
on the TI MSP430FR5994 platform. ; and Bare the frame length and
stride respectively, used for the MFCC computation.

Pre-Processing Operation
Time
(ms)

Energy @ 2.2v
(mJ)

QQVGA image acquisition 200 1.10
Microphone sampling (8kHz) 1000 3.96
Image resize 50 0.27
MFCC (; = 30ms,B= 10ms) 1280 5.13
MFCC (; = 30ms,B= 20ms) 640 2.56
MFCC (; = 30ms,B= 30ms) 430 1.72

Besides, di�erent input resolutions and feature engineering with
varying �delity have a signi�cant impact on the computation cost
both concerning latency and energy for batteryless sensors. For
instance, in table 1, we show the latency and energy footprints of
two typical operations present in inference pipelines of camera and
microphone based data. These operational stages, i.e., data acquisi-
tion (e.g., sampling rate) and data pre-processing (e.g., reshaping,
selecting di�erent feature resolutions) o�er unique optimisation
opportunities if applied carefully.

Based on these observations, in the next section, we present
ePerceptive, a framework for batteryless sensors o�ering energy
reactive computation with a single DNN model.

3 ePerceptive PIPELINE OVERVIEW
The objective of ePerceptive is to adapt the computational complex-
ity of DNN models to �uctuating energy conditions. ePerceptive
focuses on vision and audio recognition workloads as we envisage
batteryless sensors that can complete such workloads accurately
and e�ciently have the potential to produce high-value insights
about the environment they are deployed in, at very low cost of
deployment and maintenance. At the core of the framework we
place an adaptive pipeline described in Figure 3. Since the overhead
of a DNN inference is typically higher than the other stages, the ob-
jective is to adapt the pre-processing stages to reduce the execution
overhead of the DNN with marginal loss in accuracy. The pipeline
is designed to allow for adaptations at three di�erent stages: data
acquisition, featurisation and best-e�ort inference.

3.1 Data Acquisition Stage
During data acquisition the pipeline can choose to sample the sen-
sors at di�erent resolutions. In practice, this translates to capturing
an image at higher or lower resolution for camera sensors (e.g.,
QQVGA or VGA) or changing the sampling rate of microphones
(from 16kHz to 8kHz, for example). Higher sampling resolutions
result in higher energy consumption for both cameras and micro-
phones, hence ePerceptive can use this asthe �rst control knobto
adapt the computational overhead of the pipeline.

3.2 Featurisation Stage
At the second stage, adaptation is applied when raw data is trans-
formed into features which are then used as input for the DNN
model. For vision recognition DNN models work directly on the
image pixels. However, since cameras often capture images only at
a �xed resolution, in this stage ePerceptive resizes the image to a
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Fig. 3: ePerceptive high-level processing pipeline overview.

Fig. 4: Simpli�ed architecture of a generic CNN built for a single
resolution (e.g., 64� 64). When presented with a larger input image,
the Conv Net produces larger features which do not match with the
input dimension of the dense layer. This model cannot compute.

lower resolution in order to speed up the DNN execution. For audio
recognition, this step typically involves the computation of Mel
Frequency Cepstral Coe�cients (MFCCs). To obtain these features,
the input audio signal of length! is divided into overlapping frames
of length;, and frequency features are extracted for each frame.
By adopting a stride parameterB, which determines the level of
overlap, we can obtain �coarser� (if we increase it) or a ��ner� (if we
decease it) MFCCs. Intuitively, when the stride is small (i.e., bigger
overlap between frames) many more frames will be considered and
more features computed compared to when a larger stride is used.
ePerceptive exploits this to adapt the MFCCs computation to vari-
able energy availability. These dynamic resizing and variable MFCC
computations representthe second control knobof the pipeline.

3.3 Best-E�ort Inference Stage
All these adaptations produce input data at di�erent quality levels
(i.e., images at di�erent resolutions or MFCCs computed from �ner
or coarser spectrograms). ePerceptive is capable of handling the
various conditions with a single model and produces best-e�ort
inferences reacting to the instantaneous available energy and to the
degradation introduced by the previous stages.In the next sections,
�rstly, we introduce our multi-resolution inference approach to
enable a single DNN model to produce accurate inferences even
when the input data has a di�erent resolution (Ÿ 4). We then present
a complementary multi-exit inference technique, that dynamically
executes only a subset of the model layers albeit producing valid
result (Ÿ 5) to trade-o� inference accuracy for latency. This repre-
sentsthe third and last control knobavailable to ePerceptive users
to adapt inference computation to energy availability.

4 MULTI-RESOLUTION INFERENCE
In Ÿ 2, we have shown how energy/complexity adaptation of CNN
models could be easily achieved by changing the input resolution.
However, this becomes challenging on energy harvesting sensors
due to the limited amount of memory available. Starting from these

observations, the question we aim to answer in this section is:can
we design and train a model that can operate at multiple resolutions
while maintaining a satisfying accuracy at each of them?

4.1 Primer on DNN Input Pipelines
We �rst brie�y review the characteristics of the input pipelines used
to classify images and audio events. Vision models typically process
one image at the time without any prior feature extraction stage.
RGB images, characterised by three dimensions, height (� ), width
(, ) and number of channels (� ) are directly fed to the model's input
stage, featurized using convolutional �lters, and �nally classi�ed
with one or more fully connected layers.

For audio models, commonly Mel Frequency Cepstral Coe�-
cients (MFCCs) are extracted over a window of audio signal and
fed to the DNN. When processing an audio signal of length! , the
feature extraction consists in dividing the signal into overlapping
frames of length; using a strideBto compute the spectrogram of
the input. The number of frames considered is given by) = ! � ;

B ¸ 1,
and� features are computed for each frame, giving a total of) � �
features. Hence, the audio input is still an image with� , , and
� (� = 1) but the image represents frequency features over time.
In this case, we can increase or reduce the input resolution by
changing the stride used to compute the features.

4.2 The Problem with Multi-resolution
We analyse CNNs to understand why they cannot operate on dif-
ferent input resolutions. The main components of a CNN are 2D
convolutional layers and dense (or fully connected) layers. When
the network is created, the input dimension is assumed to be �xed
and the weight matrices of all layers are initialised according to
that input dimension and the other hyper-parameters of the model.
This means that, to normally execute the network, the 3D features
generated by the convolutional layers will be �attened to a vector
whose length matches the input dimension of the following dense
layer. If we feed the model a larger input (i.e., higher resolution
image), the convolutional layers will easily produce larger features
(with higher resolution). However, when these 3D features are �at-
tened, just before the �rst dense layer, they will generate a longer
vector which will not �t in the input of the dense layer, hence the
network will not complete its computation. This is represented in
Figure 4 where a model built for a smaller resolution is fed with
a larger input resolution. The weight matrix of a dense layer is
de�ned asW 2 R! � " where! and" are the lengths of the input
and output vector, respectively. This implies that the only way for
a dense layer to accommodate a larger (or smaller) input would be
changing its weight matrix by re-training the model.

Contrary to dense layers, convolutional layers can produce fea-
tures with di�erent dimensions according to their input resolution,
we show now how that is possible. The 2D convolutional layers
of a DNN accept as input a 3D tensor (I 2 R� � , � � with height
� , width , and� channels) and produce a 3D tensor in output
(O 2 R� 0� , 0� � 0

). The output is the result of convolving each ker-
nel over the input tensor. The kernel tensor of a convolutional layer
is de�ned byW 2 R( 1 � ( 2 � � � � 0

while the bias vector byb 2 R� 0
,

where( 1 and( 2 are the spatial dimensions of the �lters, selected
when the model is created. Similarly,� 0 (number of �lters) is a
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Fig. 5: Global Average Pooling (GAP) layer operation.

parameter of the layer itself and remains constant once the model
has been built. The only dimension ofW which depends on the
layer's input is� , the number of input channels. Hence, as long
as the input channels remain the same, the kernel tensor does not
change, regardless of the input resolution. This allows convolutions
to natively work on inputs at di�erent resolutions without the need
to modify the number of parameters. This is the property we exploit
to adapt the model's computational complexity to instantaneous
energy envelope.

4.3 Model Architecture
We have seen in the previous section that the convolutional layers
support variable-sized inputs and generate variable-sized outputs.
The objective, therefore, is to reshape the output of the last convo-
lutional layer into a vector with �xed dimension, regardless of the
input resolution, while maintaining enough information to classify
the input accurately.

To achieve this goal, we borrow the concept of Global Average
Pooling (GAP) [31] from established machine learning literature and
apply it in our purpose-built model architecture designed to execute
on batteryless sensors. GAP was introduced by Lin et al. [31] with
the objective of replacing the last dense layer of a CNN model,
removing many trainable parameters concentrated in the dense
layers, with bene�ts in terms of reduced tendency to over-�tting,
smaller models and speed of training. Given the advantages, the
layer has been employed in several recent architectures, not as
dense layer replacement but as dimensions reduction before the
last dense layer(s) to limit over-�tting [23, 40]. In this work, we
exploit the ability of a GAP layer in reducing the spatial dimensions
of three-dimensional tensors: the average is computed across the
entire spatial extent of the feature maps, producing a value for each
channel. Therefore, a GAP layer reduces a tensor with dimensions
� � , � � to a tensor with size1 � 1 � � as depicted in Figure 5.

By introducing a GAP layer after the last convolution we are able
to shrink the spatial dimensions of the feature maps to a vector with
a �xed size (e.g.1 � 1 � � ), regardless of the input resolution. After
the GAP layer one or more dense layers can be stacked because
it is now guaranteed that their input dimension will not change.
This simple but crucial modi�cation enables a CNN to operate
on inputs at di�erent resolutions, bene�ting also from the GAP's
advantages mentioned earlier. In the speci�c context of embedded
machine learning, where onboard memory is limited, introducing
a GAP layer brings also important savings in terms of memory
consumption as dense layers typically hold the largest number of
parameters. However, we will demonstrate in Ÿ 7.2 that adding a
GAP layer is not su�cient to ensure good accuracy at di�erent
resolutions, hence the introduction of our multi-resolution training
strategy.

Fig. 6: MobileNetV1 models trained on a single resolution and tested
on di�erent resolutions. The dataset used for this experiment is Vi-
sual Wake Words [12].

Fig. 7: Multi-resolution pipeline con�gured to train at 3 resolutions,
64, 128 and 256. For the audio pipeline, the resize component will
change the stride used for the MFCCs computation producing fea-
tures at di�erent resolutions.

4.4 Model Training
The GAP layer ensures that the feature maps having di�erent di-
mensions generated by the convolutional layers reduce to a vector
with a �xed dimension. However, when the model is trained with
a single input resolution, the kernels learn to extract meaningful
features only at that resolution and the learned parameters do not
translate well to other resolutions. To demonstrate this behaviour
we trained three MobileNetV1 [23] models at resolutions64 � 64,
128� 128and256� 256on the Visual Wake Words dataset [12].
We then tested each model at the three resolutions. Figure 6 reports
the accuracy of the models. We observe that, as expected, each
model achieves the highest accuracy at the resolution they have
been trained on. However, when the testing resolution is changed
the accuracy drops signi�cantly. We see a similar behaviour in the
other datasets we consider in this work, including audio (see Ÿ 7.2).

To overcome this issue we devise a training strategy that takes
inspiration from data augmentation techniques. When data aug-
mentation is added to the training process, dataset samples are
randomly transformed during training. When dealing with images
for examples, typical augmentations include horizontal �ip, rotation
or colour alteration. This essentially expands the available dataset
and helps the model generalise better. Following the same principle
we propose to vary the input resolution during the training process
and force the model to learn features that are resolution invari-
ant. Since the model is presented with input where the features of
the target object change in scale continuously, the kernels, instead
of specialising on a single resolution are forced to adapt to the
di�erent scales and spatial relationships between the features.

To implement this strategy, we design a multi-resolution input
pipeline which, during training, resizes the input for each mini-
batch. Individual mini-batches cannot contain input with di�erent
resolutions but it is possible to re-scale between each mini-batch.
Before input resizing we apply classic data augmentation techniques
(e.g., horizontal �ip and rotation for images and noise addition for
audio) to expand the dataset. Figure 7 shows the pipeline operation.
At training time, our pipeline starts from the �rst resolution, loads
the �rst mini-batch, applies classic data augmentation, resizes all
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