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EcoPull: Sustainable IoT Image Retrieval
Empowered by TinyML Models

Mathias Thorsager*, Victor Croisfelt*, Junya Shiraishi*, and Petar Popovski
Department of Electronic Systems, Aalborg University, Denmark

Email: {mdth, vcr, jush, petarp}@es.aau.dk

Abstract—This paper introduces EcoPull, a sustainable In-
ternet of Things (IoT) framework empowered by tiny machine
learning (TinyML) models for fetching images from wireless
visual sensor networks. Two types of learnable TinyML models
are installed in the IoT devices: i) a behavior model and ii) an
image compressor model. The first filters out irrelevant images for
the current task, reducing unnecessary transmission and resource
competition among the devices. The second allows IoT devices
to communicate with the receiver via latent representations of
images, reducing communication bandwidth usage. However,
integrating learnable modules into IoT devices comes at the cost
of increased energy consumption due to inference. The numerical
results show that the proposed framework can save > 70% energy
compared to the baseline while maintaining the quality of the
retrieved images at the ES.

I. INTRODUCTION

One of the key requirements for Internet of Things (IoT)
devices in the context of 6G is sustainability [1], [2]. The
IoT devices will also be affected by the trend of using
Artificial Intelligence (AI)/Machine Learning (ML) to support
various intelligent tasks at the edge [3]. However, IoT devices
are challenged by resource constraints in terms of energy,
computation, and memory, which hinders the implementation
of learning models on these devices. First, the practical Micro
Controller Unit (MCUs) of the IoT devices only have a
small amount of memory and storage, e.g., on-chip Static
Random Access Memory (SRAM) (< 512 KB) and flash
storage (< 2 MB) [4]. Second, running ML models require
additional energy cost for IoT devices. Therefore, one must
design a communication protocol considering the energy cost
associated with the ML model and the main radio interface.

In [5], we introduced Tiny Neural Network transmission
over the Air (TinyAirNet), an IoT image retrieval framework
that reduces the overall energy consumption of the IoT de-
vices. In TinyAirNet, a TinyML model is transmitted by the
edge server (ES) to the IoT devices before they collect new
images to facilitate the subsequent semantic query, by which
the IoT device selectively transmits relevant images and avoids
energy waste. Although this enables the suppression of images
likely unrelated to the current task, it still does not prevent
energy consumption for sending raw images. One solution is
to compress the images so the receiver can reconstruct and
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the Velux Foundation, Denmark, partly by the Horizon Europe SNS “6G-
XCEL” project with Grant 101139194, and partly by the Horizon Europe
SNS “6G-GOALS” project with grant 101139232.
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Fig. 1: EcoPull, a sustainable IoT image retrieval framework in which
two types of TinyML models are installed into IoT devices: i) a
behavior model and ii) an image compressor model.

exploit its side knowledge. For example, one can deploy a
generative model, such as a Generative Adversarial Network
(GAN), to compress the raw images, where recent studies [6],
[7] show that it can achieve high perceptional quality com-
pared with conventional image compression methods.

Contributions: In this work, we present EcoPull, an IoT
image retrieval framework in which the ES pulls that from
IoT devices equipped with two types of TinyML models: i)
a behavior model and ii) an image compressor model. Fig. 1
exemplifies the proposed framework, where the ES equipped
with a Foundation Model (FM) attempts to obtain the infor-
mation that an IoT device 𝐴 observed at a given time. Each
IoT device first checks the relevance of the images against the
ES’s current task by leveraging the installed behavior model
to filter out irrelevant images, e.g., by conducting feature
extraction and calculating a matching score as in [5], [8].
Next, the IoT device encodes the relevant images, resulting
in latent feature vector representations, which we refer to as
latents [9]. The ES reconstructs the latents using a decoder.
We show that the interplay of these two models allows us
to reduce the energy consumption of IoT devices to a greater
extent while maintaining the quality of the retrieved images at
the ES. In particular, we introduce a new performance metric
called Significance and Fidelity (SiFi) that jointly evaluates
the significance and the fidelity of the image retrieved at
the ES. We describe our framework from a Medium Access
Control (MAC) layer perspective, focusing on the scenario
where multiple devices share a common medium.

Related work: We consider that our image compressor
model is based on a generative model. Generative AI (G-AI)
has been introduced in communication systems, such as in the
network layer [10] and the federated learning setup [11]. In
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addition, the concept of Generative Internet of Things (GIoT)
was introduced in [12], in which a potential application and
its challenges are discussed. In [13], the authors introduced G-
AI-aided semantic communication to realize accurate content
decoding. Our work relates to these in the sense of only trans-
mitting the intended meaning over the channel thanks to the
compression and shared knowledge [14]. However, we focus
on reducing and analyzing the overall energy consumption of
IoT devices considering the additional energy cost of the ML
models, which has been overlooked in the literature.

II. THE ECOPULL FRAMEWORK

A. Scenario

We consider a scenario where an ES is interested in
retrieving images from 𝐾 IoT devices, such as mobile robots
or fixed-mounted cameras, deployed over a sensing field to
fulfill a task requested by a user, such as a mobile user,
through the cloud via a query. The ES has a FM to interpret
the user’s query. For example, the query could comprise a
prompt, and the FM could be based on a Generative Pre-
trained Transformer (GPT) architecture. We then consider
a pull-based communication system where the ES retrieves
data from the devices based on a piece of side information
given by the ES’ interpretation of the query sent by the
user. The ES and IoT devices communicate over an idealized
slotted multiaccess channel where packets, which represent
the minimal piece of information, have the same length of a
slot of duration 𝑇𝑝 [s] or equivalently 𝑏𝑝 bits [15]. We define
a frame as a collection of 𝐿 slots whose total number is 𝐹. We
assume an error-free downlink channel and that the packets
are lost in case a collision in the uplink occurs during a slot.

The 𝑖−th device, where 𝑖 ∈ K = {1, . . . , 𝐾}, locally stores
the collected images in unlabeled datasets D𝑖 = {x𝑖1, . . . , x

𝑖
𝑁
}.

The number of images is denoted by |D𝑖 | = 𝑁 𝑖 and
x𝑖𝑛 ∈ R𝑀𝐶×𝑀𝐻×𝑀𝑊 represents the original image with 𝑀𝐶
channels, where 𝑀𝐻 and 𝑀𝑊 are the height and width of
the image in pixels, respectively. When referring to a generic
image, we drop the indices 𝑖 and 𝑛 as x. The index set of
images at the 𝑖-th device is denoted as N 𝑖 = {1, . . . , 𝑁 𝑖}.
As in [16], we assume each device has fixed-point arithmetic
hardware equipped with a two-dimensional processing chip
for Convolution Neural Networks (CNNs). This consists of
an off-chip Dynamic Random Access Memory (DRAM) that
works with 𝑏max quantization bits (full precision), a parallel
neuron array with 𝑝 Multiply-Accumulates (MUACs) units of
𝑏MUAC bits, and two on-chip memory levels: a main SRAM
buffer that stores, e.g., the weights and activations, and a
local SRAM buffer that caches currently used weights and
activations. We let 𝑏𝑞 be the number of bits for quantization
in the SRAM. Each unlabeled dataset D𝑖 is stored in the
DRAM with precision 𝑏max. Moreover, each device has stored
two TinyML models in the DRAM: i) a behavior model and
ii) an image compressor model, see Sec. II-B.

B. Description of the Scheme

The proposed scheme comprises four distinct phases:

Phase 1. Downlink pulling phase: Triggered by a query
from a user, the ES fetches data from the devices. First, the
ES transmits the trained TinyML models towards the devices
to facilitate the subsequent semantic query, as in [5] – this can
be done as the models are updated.1 Then, the ES broadcasts a
𝑏𝑞-quantized vector semantic feature vector q ∈ R𝑀 obtained
by the FM to the devices over the downlink channel.

Phase 2. Behavioral phase: After receiving the semantic
query, the devices use their behavior model to compute a set of
similarity measures {𝑠𝑖𝑛}𝑁

𝑖

𝑛=1 between their images in D𝑖 and
q, where 𝑠𝑖𝑛 ∈ [0, 1]. Let 𝑉th ∈ [0, 1] be a relevance threshold,
which can be set by the ES. The 𝑖−th device extracts the set
of relevant images D𝑖𝑠 ⊆ D𝑖 as

D𝑖𝑠 = {x𝑖𝑛 |𝑠𝑖𝑛 ≥ 𝑉th,∀𝑛 ∈ N 𝑖}. (1)

Let |D𝑖𝑠 | = 𝑆𝑖 be the number of relevant images. If 𝑆𝑖 > 1, the
𝑖−th device is a relevant device for the given query. The set
of relevant devices K𝑠 ⊆ K is defined as K𝑠 = {𝑖 |𝑆𝑖 > 0,∀𝑖 ∈
K}, where |K𝑠 | = 𝐾𝑠 is the number of relevant devices.

Phase 3. Uplink compression-then-transmission phase: At
the beginning of this phase, the relevant devices compress
their relevant images using the image compressor model. Let
𝐶 (·) denote the tiny encoder and z ∈ R𝑀′𝐶×𝑀′𝐻×𝑀′𝑊 denote a
quantized latent variable, whose quantitation occurs according
to 𝑏max and where 𝑀 ′

𝐶
is the new number of channels and

𝑀 ′
𝐻

and 𝑀 ′
𝑊

are the new height and width of the compressed
image. Thus, the encoding is represented as z = 𝐶 (x). For the
𝑖−th device, the compressed set of relevant images is:

Ď𝑖𝑠 = {z𝑖𝑛 |∀x𝑖𝑛 ∈ D𝑖𝑠}, (2)

with |Ď𝑖𝑠 | = 𝑆𝑖 . Each device stores the 𝑆𝑖 images in a queue
Q𝑖 ← Ď𝑖𝑠 in the DRAM with precision 𝑏max. Next, the
relevant devices transmit their compressed relevant images
over the 𝑓−th frame, where we tie the size of a packet to
the size of the latent as 𝑏𝑝 = 𝑀 ′

𝐶
·𝑀 ′

𝐻
·𝑀 ′

𝑊
· 𝑏max bits, where

we ignore the header size for simplicity of analysis.
For simplicity, we assume that each relevant device attempts

to transmit a single image per frame by choosing a slot at
random. With this approach, a number of 𝐾𝑠 or less devices
compete for the 𝐿 slots at a given frame. We assume they do
so by adopting the slotted ALOHA protocol [15] without re-
transmissions to showcase the main benefits of our framework
and ease the analysis. After an attempt to transmit an image,
the queue is updated as Q𝑖 ← Q𝑖 \ z𝑖

𝑓
, where z𝑖

𝑓
denotes the

image selected at random by the 𝑖−th device to be transmitted
at the 𝑓−th frame. When a device empties its queue, it
becomes idle and stops competing in the next slots.

Phase 4. Data decompression and response to the user:
Let 𝐺 (·) be the tiny decoder stored at the ES. After the 𝐹

frames are over, the ES collects and decompresses all the
non-colliding packets, whose decoding operation is denoted
as x̂ = 𝐺 (z). Then, the ES identifies the top 𝑙 most relevant

1In particular, we assume that the behavior model is sent more frequently
than the image compressor since its accuracy depends on the current query.
Therefore, we model the energy spent to receive the behavior model in
Sec. III, while the cost to receive the image compressor is ignored.



images for the specific query, with, e.g., 𝑙 = 3, to be sent as
a reply to the user as a form of text or image by exploiting
the FM. To measure the system’s performance, we introduce
SiFi in Sec. IV.

Based on [5], we assume that the behavior model is a
multimodal feature extractor 𝜁 : x ↦→ o based on a FM that can
take as input images/texts x and has as output o ∈ R𝑀 . The ES
should compress 𝜁 – e.g., by using pruning – to send it to the
devices, as described in Phase 1. Because of that, we assume
that the devices receive a model 𝜁 that performs worse than
𝜁 . Given that and the description of Phase 2, the similarity
measure at the 𝑖−th device is computed as 𝑠𝑖𝑛 = 𝑔(𝜁 (x𝑖𝑛), q),
where 𝑔(·) is a similarity function, such as cosine similarity.

The fact that 𝜁 performs worse than 𝜁 is modeled by
how much the similarity measure 𝑠𝑖𝑛 deviates from the true
similarity measure 𝛽𝑖𝑛 = 𝑔(𝜁 (x𝑖𝑛), q). Specifically:

𝑠𝑖𝑛 = 𝛽
𝑖
𝑛 + 𝑤𝑖𝑛, (3)

where 𝑤𝑖𝑛 ∼ N(0, 𝜎2
ML) is Gaussian distributed and 𝜎ML

is a standard deviation representing the model noise. For
simplicity, we model the quantization effect from getting 𝜁

of 𝜁 by setting 𝜎ML = 1
𝑏𝐵

, where 𝑏𝐵 ≤ 𝑏max is the number of
bits for the quantization of weights of the behavior model for
transmission [5].

As for the tiny image compressor model, we adopt the
framework presented in [7] that introduces a generative image
compression method. Here, we assume that 𝐶 (·) and 𝐺 (·) are
jointly trained before the model deployment, e.g., at the cloud.
We refer the interested reader to [7] for more details about
training and architecture. The compression rate 𝑟, measured
in bits per pixel (bpp), is

𝑟 =
𝑀 ′
𝐶
· 𝑀 ′

𝐻
· 𝑀 ′

𝑊
· 𝑏max

𝑀𝐻 · 𝑀𝑊
. (4)

III. ENERGY CONSUMPTION

We consider the energy cost of communication and compu-
tation at the IoT devices while ignoring the energy consumed
during idle periods. We let 𝜉𝑇 [W] be the energy cost per
uplink transmission and 𝜉𝑅 [W] be the energy cost for
receiving. Next, a general description of the energy cost per
inference of a model, 𝐸inf , follows based on [16].2 The energy
cost per inference of a model is given by:

𝐸inf = 𝐸DRAM + 𝐸HW, (5)

comprised of the energy cost of accessing the DRAM where
the model and input are stored, denoted as 𝐸DRAM, and that
of the actual processing for inference denoted as 𝐸HW. Then,
𝐸DRAM can be expressed as follows:

𝐸DRAM = 𝐸𝐷 · [𝑀𝐶 · 𝑀𝐻 · 𝑀𝑊 ] · (𝑏max/𝑏𝑞), (6)

where 𝐸𝐷 is the energy consumed per 𝑏𝑞-bit DRAM access
and 𝑀𝐶 · 𝑀𝐻 · 𝑀𝑊 is the input size. While 𝐸HW can be

2We assume that the main SRAM of the devices is large enough to store
feature maps and to hold the entire TinyML model after being loaded from
the off-chip DRAM; unused feature maps are erased from the memory.

modeled as the sum of the computing energy, 𝐸𝐶 , and the
costs of moving weights and activations from the main to the
local SRAM, 𝐸𝑊 and 𝐸𝐴, respectively, as described below:

𝐸HW = 𝐸𝐶 + 𝐸𝑊 + 𝐸𝐴, (7)

with 𝐸𝐶 = 𝐸MUAC (𝑈 + 3𝐴), 𝐸𝑊 = 𝐸𝑀𝑊 + 𝐸𝐿𝑈/
√
𝑝,

and 𝐸𝐴 = 2𝐸𝑀𝐴 + 𝐸𝐿𝑈/
√
𝑝, where 𝐸MUAC is the energy

consumed for a single MUAC operation, 𝐸𝐿 = 𝐸MUAC is the
energy consumption to read/write from/to the local SRAM,
and 𝐸𝑀 = 2𝐸MUAC is the energy consumed for accessing
the main SRAM. Other parameters are 𝑈, which denotes
the network complexity in the number of MUAC operations;
𝑊 , which denotes the model size in the number of weights
and biases; 𝐴, which denotes the total number of activations
throughout the whole network.

We now instantiate the inference model in (5) for the
behavior and the image compressor models. For the behavior
model, we let 𝐸inf,𝐵 denote the energy cost per inference
and (𝑈𝐵,𝑊𝐵, 𝐴𝐵) be the set of parameters. For the image
compressor model, we let 𝐸inf,𝐶 denote the energy cost per
inference and (𝑈𝐶 ,𝑊𝐶 , 𝐴𝐶 ) be the set of parameters.

For the 𝑖−th device, the total energy consumed for compu-
tation can be written as:

𝐸 𝑖comp = 𝑁 𝑖𝐸inf,𝐵+𝑆𝑖𝐸inf,𝐶 +𝐸𝐷 · (𝑊𝐵+𝑊𝐶 ) · (𝑏max/𝑏𝑞), (8)

the last term of sum measures the cost of loading the models
from the DRAM to the main SRAM. While the total energy
consumed for communication can be written as:

𝐸 𝑖comm =
(𝜉𝑅 · (𝑊𝐵𝑏𝐵 + 𝑀𝑏𝑞) + 𝜉𝑇 · 𝑆𝑖𝑏𝑝)

𝑅
, (9)

where 𝜉𝑅 multiplies the time of receiving the behavior model
and the vector q, 𝜉𝑅 multiplies the time of transmitting the 𝑆𝑖

relevant images, and 𝑅 is the rate of the downlink and uplink
channels in bits per second. The total energy consumed per
device is then:

𝐸 𝑖tot = 𝐸
𝑖
comp + 𝐸 𝑖comm. (10)

We note that 𝑆𝑖 is a random variable that depends on 𝑉th
as per (1), so is 𝐸 𝑖tot. Let 𝑃th (𝑉th) denote the probability
that an image is relevant, i.e., the probability 𝑠𝑖𝑛 in eq. (3)
is equal to or higher than 𝑉th. We can then derive the
expected total energy consumed given the model in (3).
This can be expressed by considering the distribution of
observed similarity measure 𝑠 given true similarity measure
𝛽, 𝑝(𝑠 |𝛽) = 1√

2𝜋𝜎2

∫ ∞
−∞ exp

(
− (𝑠−𝛽)

2

2𝜎2
ML

)
𝑑𝑠, as follows:

𝑃th (𝑉th) =
∫ 1

0
𝑄

(
𝑉th − 𝛽
𝜎ML

)
𝑔𝑇 (𝛽) 𝑑𝛽, (11)

where 𝑄(𝑥) denotes the Q-function defined as 𝑄(𝑥) =
1√
2𝜋

∫ ∞
𝑥

exp
(
−𝑢2

2

)
𝑑𝑢 and 𝑔𝑇 (𝛽) is the distribution of true

similarity measure 𝛽. We let 𝐵(𝑝, 𝑛, 𝑘) be the binomial
distribution, with probability 𝑝 and total number of elements
𝑛 with 𝐵(𝑝, 𝑛, 𝑘) =

(𝑛
𝑘

)
𝑝𝑘 (1 − 𝑝)𝑛−𝑘 . Then, the probability

that a device has 𝜈 relevant images out of 𝑁 𝑖 images can



be expressed as 𝑃Rel (𝜈) = 𝐵(𝑃th (𝑉th) , 𝑁 𝑖 , 𝜈). Finally, the
expected total energy consumed per device can be expressed
as follows:

E[𝐸 𝑖tot] =
𝑁 𝑖∑︁
𝜈=0

𝜈

(
𝐸inf,𝐶 +

𝜉𝑇𝑏𝑝

𝑅

)
𝑃Rel (𝜈) + 𝜖, (12)

where 𝜖 = 𝑁 𝑖𝐸inf,𝐵+𝐸𝐷 · (𝑊𝐵+𝑊𝐶 ) · (𝑏max/𝑏𝑞) +𝜉𝑅 (𝑊𝐵𝑏𝐵+
𝑀𝑏𝑞)/𝑅.

IV. PERFORMANCE ANALYSIS

A. Measuring the significance and fidelity of retrieved images

To measure the performance of the retrieved image at
Phase 4, we introduce SiFi, a metric that can track two distinct
objectives simultaneously: significance and fidelity. On the one
hand, the significance represents how many actual relevant
images can be successfully collected, where the image whose
true similarity measure 𝛽 is equal to or higher than 𝛿 is
referred to as an actual relevant image. On the other hand,
the fidelity represents how similar the reconstructed image
is to the original one. The fidelity can be measured over
the reconstructed image, denoted as 𝑘𝑑 (x, x̂) ∈ [0, 1], where
𝑘𝑑 is a perceptual quality measure [17], such as Fréchet
Inception Distance (FID) [17], which evaluates to 0 when the
reconstructed image is the same compared to the one observed
by the IoT device. We note that 𝑘𝑑 (x, x̂) varies according to
the compression rate 𝑟 , whose dependency can be denoted as
𝑘𝑑 (x, x̂; 𝑟), as found in [10]. Finally, we can define the SiFi
of the proposed framework, 𝜗 ∈ [0, 1]. Let 𝑇 𝑖𝑛 ∈ {0, 1} be a
Bernoulli random variable which models if the transmission of
the 𝑛-th image of the 𝑖-th device was successful, and Ω be the
subset of index pairs (𝑖, 𝑛) for the actual relevant images, i.e.,
Ω = {(𝑖, 𝑛) | 𝛽𝑖𝑛 ≥ 𝛿,∀𝑛 ∈ N 𝑖 ,∀𝑖 ∈ K} and |Ω| its cardinality.
Then, the SiFi can be defined as:

𝜗 =

{
1 − 1

|Ω |
∑
(𝑖,𝑛) ∈ Ω 𝑘𝑑 (x𝑖𝑛, x̂𝑖𝑛; 𝑟)𝑇𝑖

𝑛Γ1−𝑇𝑖
𝑛 , if |Ω| ≥ 1,

1, otherwise,
(13)

where Γ ∈ [0, 1] is a penalization term if the data transmission
of an actual relevant image has failed. Here, Γ should be
chosen to be greater than 𝑘𝑑 (x𝑖𝑛, x̂𝑖𝑛; 𝑟). A higher SiFi, 𝜗,
implies that the ES retrieves the useful data that represents
the current/accurate views of the observations of IoT devices
regarding the user’s query. SiFi can be improved by collecting
more data at the expense of increased energy consumption.

B. Expected SiFi

We derive the proposed framework’s expected SiFi. Without
loss of generality, we assume that 𝑁 𝑖 = 𝑁, ∀𝑖 ∈ K. We start by
deriving the average transmission success probability, defined
as the probability that a packet is delivered to the ES without
collision. This probability depends on the number of relevant
images each device has, 𝑆𝑖 , which we model as follows. Let
{𝑋𝜈}𝑁𝜈=0 denote the random variables representing the number
of devices having 𝜈 relevant images. Then, X = {𝑋0, . . . , 𝑋𝑁 }

follows a multinomial distribution, whose Probability Mass
Function (PMF) of 𝜓 = {𝑞0, . . . , 𝑞𝑁 } is:

P(X = 𝜓) =
{
𝐾!

∏𝑁
𝜈=0

𝑃
𝑞𝜈
Rel(𝜈)
𝑞𝜈! , (∑𝑁

𝜈=0 𝑞𝜈 = 𝐾),
0, otherwise.

(14)

Given a realization sample 𝜓𝑢 = {𝑞𝑢0 , 𝑞
𝑢
1 , . . . , 𝑞

𝑢
𝑁
}, the number

of devices which attempts data transmission in the 𝑓 -th frame
can be expressed as follows:

𝑊𝑢
𝑓 =

𝑁∑︁
𝑗= 𝑓

𝑞𝑢𝑗 . (15)

Using eq. (15), the total number of frames required to collect
all relevant images, denoted as 𝑛𝑢𝑤 , can be described as:

𝑛𝑢𝑤 = arg min
𝐽∈[0,𝑁 ]

©­«𝑞0 +
𝐽∑︁
𝑓 =1

𝑞𝑢𝑓 = 𝐾
ª®¬ . (16)

This can be related to the number of frames 𝐹 that the ES
sets. Ideally, we would like to have 𝐹 ≤ 𝑛𝑢𝑤 . Based on the
eqs. (15) and (16), we can derive the average transmission
success probability per relevant image as:

𝑃𝑠 (𝜓𝑢) =


1
𝑛𝑢𝑤

∑𝑛𝑢𝑤
𝑓 =1

(
1 − 1

𝐿

)𝑊𝑢
𝑓
−1
, if 𝑛𝑤 ≥ 1,

1, otherwise.
(17)

Then, we must consider how many relevant images succeed in
data transmission. Recall from Sec. III that the actual relevant
image is defined as the image whose true similarity measure
𝛽 is higher than the threshold 𝛿. Here, the probability of an
image is actually relevant, denoted as 𝑃𝛿 , can be expressed
as 𝑃𝛿 =

∫ 1
𝛿
𝑔𝑇 (𝛽)𝑑𝛽. For the actual relevant data to be

successfully delivered to the ES given 𝜓𝑢, it needs to satisfy
two conditions: 1) the observed similarity measure 𝑠 in eq. (3)
should be higher than 𝑉th, and 2) the transmission of the
data should be successful. Accordingly, the probability that
the ES can successfully collect an actual relevant image can
be expressed with the conditional probability:

𝑃𝐴(𝜓𝑢) =
𝑃𝑠 (𝜓𝑢)
𝑃𝛿

∫ 1

𝛿

𝑄

(
𝑉th − 𝛽
𝜎ML

)
𝑔𝑇 (𝛽)𝑑𝛽. (18)

Now we can derive the expected SiFi in eq. (13). First,
we focus on the case where |Ω| ≥ 1, which happens with
the probability 𝑃Ω = 1 − (1 − 𝑃𝛿)𝐾𝑁 . Let 𝜅 > 0 denote
the random variable representing the total number of actual
relevant images in the sensing field and 𝑍𝑢𝜄 be the random
variable for 𝜄-th actual relevant image given 𝜙𝑢, which takes
the value of 1 − 𝑘𝑑 (x𝑖𝑛, x̂𝑖𝑛 |𝑟) if its image is delivered to the
ES without collisions; otherwise, Γ. Then, its expectation is:

E[𝑍𝑢𝜄 ] = (1−𝑘𝑑 (x𝑖𝑛, x̂𝑖𝑛 |𝑟))𝑃𝐴(𝜓𝑢)+(1−𝑃𝐴(𝜓𝑢)) (1−Γ). (19)

Using this, the expected SiFi for |Ω| ≥ 1, given 𝜓𝑢 can be
calculated as 1

𝜅
E[∑𝜅

𝜄=1 𝑍
𝑢
𝜄 ] = 1

𝜅

∑𝜅
𝜄=1 E[𝑍𝑢𝜄 ] = E[𝑍𝑢𝜄 ], where

we apply the linearity of expectation for the independent
random variables 𝑍𝑢1 , 𝑍

𝑢
2 , . . . , 𝑍

𝑢
𝜅 . On the other hand, the case

of |Ω| = 0 happens with probability 1−𝑃Ω, in which case the



SiFi is 1, as in eq. (13). Finally, from the above description,
the expected value of SiFi can be expressed as follows:

V =

|𝜓 |∑︁
𝑢=1
P(𝜓𝑢)

(
E[𝑍𝑢𝜄 ]𝑃Ω + (1 − 𝑃Ω)

)
. (20)

C. Getting approximation of expected SiFi

As the calculation of SiFi in eq. (20) requires consideration
of all

(𝐾+𝑁
𝐾

)
realizations of multinomial distribution given in

eq. (14), we resort to the Markov Chain Monte Carlo (MCMC)
method [18] to obtain approximate results. Specifically, we
employ the Metropolis algorithm [18] that generates a se-
quence of samples (realizations) 𝑌 (𝑡 ) (𝑡 ∈ [0, 𝑇]) based on
probabilistic rules. Here, we denote the number of devices
that have 𝜈 relevant images at the 𝑡-th realization sample as
𝑞
(𝑡 )
𝜈 , which needs to satisfy the constraint,

∑𝑁
𝜈=0 𝑞

(𝑡 )
𝜈 = 𝐾 for

all 𝑡. Here, an initial state 𝑌 (0) is set to fairly distribute the
number of devices observing 𝜈 images. Then, the sequence of
samples is generated as follows:

Step 1. Generate new sample: Create a new sample 𝑌
′

from the current state 𝑌 (𝑡 ) . First, we randomly select one
value 𝑎 ∈ [0, 𝑁] out of 𝑁 + 1 values, satisfying 𝑞

(𝑡 )
𝑎 ≥ 1

and decrease 𝑞
(𝑡 )
𝑎 by 1. Then, we randomly select another

value 𝑏 satisfying 𝑞
(𝑡 )
𝑏

< 𝑁 and increase 𝑞
(𝑡 )
𝑏

by 1. With
these operations, a new sample 𝑌

′
can be generated.

Step 2. Calculate transition cost: Calculate transition cost
as P(𝑌 ′ )/P(𝑌 (𝑡 ) ), by using PMF given by eq. (14). More
details on transition cost can be found in [18].

Step 3. Update state: Generate a random number
𝑟 ′ ∈ [0, 1], following uniform distribution, and decide
the next state as:

𝑌 (𝑡+1) =

{
𝑌
′
, (if 𝑟 ′ ≤ P(𝑌 ′ )

P(𝑌 (𝑡 ) ) ),
𝑌 (𝑡 ) , otherwise.

(21)

The above operation is repeated over 𝑇 times, and for each
𝑌 (𝑡 ) , the SiFi is calculated through the equations derived in
Sec. IV-B and stored as 𝑢 (𝑧) . Finally, the approximate SiFi is:

V̂ =
1
𝑇

𝑇∑︁
𝑡=1

𝑢 (𝑡 ) . (22)

V. NUMERICAL EVALUATION

This section investigates the performance of EcoPull. We
consider images as (𝑀𝐶 , 𝑀𝐻 , 𝑀𝑊 ) = (3, 640, 480) [7]. The
values of 𝐸MUAC and 𝐸𝐷 are: 𝐸MUAC = 3.7 · (𝑏𝑞/𝑏MUAC)1.25

[pJ] and 𝐸𝐷 = 128 · 3.7 · (𝑏𝑞/𝑏MUAC) [pJ], respectively [16].
Moreover, we use 𝑏max = 16, 𝑏MUAC = 16, 𝑏𝐵 = 8, 𝑏𝑞 = 8,
and 𝑝 = 64 · 𝑏MUAC/𝑏𝑞 for the behavior model based on [16]
and 𝑏𝑞 = 16 for the image compressor model [7]. Using [19],
we set 𝜉𝑇 = 108 [mW], 𝜉𝑅 = 66.9 [mW]. For the behavior
model, (𝑈𝐵, 𝑊𝐵, 𝐴𝐵) = (117 M, 0.976 M, 4.309 M) [20]. For
the image compressor model, (𝑈𝐶 ,𝑊𝐶 , 𝐴𝐶 ) = (477 M, 0.0184
M, 3.54 M) [7]. We set 𝑅 = 100 [kbps], 𝛿 = 0.9, and number
of MCMC rounds 𝑇 = 104. For simplicity, we generate 𝑔𝑇 (𝛽)
based on uniform distribution within [0, 1] and assume that
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Fig. 2: SiFi in (13) against the compression rate 𝑟 in [bpp]. ‘MCMC’
refers to the approximation of the expected SiFi in (20), while ‘Sim-
ulation’ refers to the one obtained by averaging (13). The number of
available transmission slots 𝐿 is calculated as 𝐿 = 𝑐𝐿 ⌈𝑟max/𝑟⌉, where
𝑟max = 4.86 is the average bpp for the PNG compressed images and
𝑐𝐿 is a coefficient value [10].

𝑁 𝑖 = 𝑁, ∀𝑖 ∈ K. We conduct the Monte Carlo simulation over
104 rounds to obtain the averaged results.

The values of 𝑘𝑑 (x, x̂) in eq. (13) is set as 𝑘𝑑 (x𝑖𝑛, x̂𝑖𝑛 |𝑟) =
0.0725𝑟 based on the results of our curve fitting [10] in terms
of normalized FID using High Fidelity Compression (HiFiC),
in which images are taken from the COCO2017 [21], and we
set Γ = 1. We argue these results are representative of the
performance of the tiny image compressor in [7] based on the
FID results for the nonquantized network, which is shown to
be similar in performance to the original image compressor
of HiFiC [6].

As benchmarks, we use the conventional compression
method referred to as baseline and TinyAirNet [5]. For the
baseline, each device first compresses its image with PNG
and transmits it in predetermined slots without collision. For
the TinyAirNet, each device only uses a behavior model and
transmits PNG-compressed images. For brevity, we omit the
analysis of both schemes.

Fig. 2 shows the SiFi against the compression rate 𝑟, where
we set 𝑉th = 0.6, 𝐾 = 5, 𝑐𝐿 ∈ {2, 5, 10} and 𝑁 = 100.
From this figure, first, we can see that the results for EcoPull
obtained by our approximate analysis using MCMC coincide
with that of simulation results, which validates our approach
using MCMC. In the figure, we can see the saw-tooth pattern
because of the discrete nature of available transmission slots 𝐿
for each 𝑟 , e.g., for 𝑟 ∈ [1.204, 1.608], SiFi slightly increases
against 𝑟 , in which 𝐿 is a constant. Next, the figure also
shows an optimal compression rate in terms of the SiFi. Let
us denote the optimal value of 𝑟 as 𝑟opt. For 𝑟opt > 𝑟 , the
transmission success probability becomes larger thanks to the
lower compression rate, but the FID is high, leading to the
poor SiFi. For 𝑟opt < 𝑟, the FID of the retrieved image is low,
but the transmission success probability of the relevant image
becomes small because of the smaller number of available
transmission slots. Further, the SiFi becomes larger as 𝑐𝐿
increases. Each device with the relevant image can choose the
transmission slot from the larger number of available slots 𝐿,
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Fig. 3: Energy saving w.r.t. the baseline 𝜂 as a function of the total
number of images per device, 𝑁 .

increasing the transmission success probability. Finally, from
this result, we can see the importance of the choice of the
compression rate in accordance with the available transmission
slots to maximize the SiFi.

The total energy consumption and SiFi of EcoPull depends
on the value of 𝑉th, as well as 𝑟 , as mentioned above. For
example, the smaller (higher) 𝑉th increases (decreases) the
SiFi, but total energy consumption becomes larger (smaller).
To realize a fair comparison among the different schemes,
we investigate the minimum energy consumption under the
constraint of a SiFi value 𝛾th. To this end, we first obtain the
subsets of parameters {𝑉th, 𝑟} for EcoPull, denoted as P(𝑁)
satisfying the constraint for given the value of 𝑁:

P(𝑁) = min
𝑉th ,𝑟
E[𝐸 𝑖tot] (𝑁) s.t. V̂ ≥ 𝛾th. (23)

We solved this numerically through a grid search, varying the
value of 𝑉th within a range of [0.50, 0.80] with a step of 0.01
and that of 𝑟 within a range of [1, 2] with a step of 0.667.

Fig. 3 shows the energy saving w.r.t. the baseline 𝜂 as a
function of the number of images, 𝑁 , where we set 𝐾 = 5,
𝑐𝐿 = 5, and 𝛾th = 0.8. Here, 𝜂 is defined as the ratio between
the total amount of energy consumed by the given scheme
compared with the baseline scheme. Note that 𝜂 becomes
smaller than 1 only if the total energy consumption of the
given method is smaller than the baseline scheme. The figure
shows that 𝜂 of EcoPull and TinyAirNet becomes smaller as
𝑁 becomes larger. This is because as 𝑁 increases, the gain
from filtering out irrelevant images becomes larger than the
additional energy cost brought by the TinyML model. Finally,
we can see that EcoPull can realize a smaller 𝜂 than no latent
transmission scheme while satisfying the utility requirements
because of the reduction of transmission data size for the
relevant images. These results indicate that our proposed
scheme can realize high energy efficiency while maintaining
higher SiFi, especially when the number of images is high.

VI. CONCLUSIONS

In this paper, we have proposed EcoPull, an IoT data
collection framework empowered by TinyML models, which
aims to reduce the total energy consumed by IoT devices. We

have introduced two types of TinyML models to IoT devices:
the behavior model and the image compressor model. In our
framework, each device first suppresses irrelevant data trans-
mission using the behavior model and then transmits com-
pressed images by applying an image compressor model. We
have derived equations expressing total energy consumption
and the SiFi, to evaluate the proposed framework. Numerical
results have revealed that our proposed framework achieves
high energy efficiency while maintaining high retrieved per-
formance, especially when the number of images is large.
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