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Abstract—Advances in communication technologies and com-
putational capabilities of Internet of Things (IoT) devices enable
a range of complex applications that require ever increasing pro-
cessing of sensors’ data. An illustrative example is real-time video
surveillance that captures videos of target scenes and process them
to detect anomalies using deep learning (DL). Running deep learn-
ing models requires huge processing and incurs high computation
delay and energy consumption on resource-constraint IoT devices.
In this article, we introduce methods for distributed inference over
IoT devices and edge server. Two distinct algorithms are proposed
to split the deep neural network layers computation between IoT
device and an edge server; the early split strategy (ESS) for battery
powered IoT devices and the late split strategy (LSS) for IoT
devices connected to regular power source. The evaluation shows
that both the ESS and LSS schemes achieve the target inference
delay deadline when tested over VGG16 and MobileNet_V2 CNN
models. In terms of computational load, the ESS scheme achieves
nearly 15–20% reduction whereas LSS scheme achieves up to 60%
reduction. The gains in energy saving of IoT devices for both the
ESS and LSS schemes are nearly 18% and 52%, respectively.

Index Terms—Computation, distributed machine learning, edge
computing, inference, neural networks, split strategy, video IoT.

I. INTRODUCTION

THE Internet of Things (IoT) is an emerging paradigm, giv-
ing rise to a world of interconnected devices with sensing,

computing, and communication capabilities. According to the
study [1], the number of IoT devices will reach 41.6 billion by
2025 with data generation up to 79.4 ZB. IoT networks incorpo-
rate multimedia (such as images and videos), computer vision,
and communication technologies to deploy smarter and more
user-friendly applications (such as video surveillance, behavior
analysis, and driving assistance) [2]. Deep learning has been
proven as an effective method for processing images and videos
captured by IoT devices to enhance several applications such
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as object detection and tracking, face recognition, and activity
recognition.

There are two conventional approaches to process videos
using DNN in IoT applications, i.e., 1) process videos at the IoT
device, or 2) transmit video to the server (local edge or remote
cloud) for processing. Both approaches have advantages and
disadvantages. For instance, using on-device local processing,
data remain local and does not need to be transferred to the
remote server, thus respects users’ privacy and saves bandwidth.
However, processing huge amount of multimedia data on the
resource constrained IoT device can cause higher processing
delay. Furthermore, as mostly IoT devices are battery powered,
on-device processing increases the energy consumption of the
device. In the second approach, the IoT device does not process
the videos locally and instead offload them to the remote server
for processing. The server which hosts the DNN model, process
the videos (e.g., detect objects, faces, anomalies) and sends the
result back to the IoT device. This approach has the benefits
to reduce the energy consumption of the device and provides
faster processing at the server. However, it requires huge amount
of communication bandwidth and incurs high latency to transfer
the videos [3]. Although, local computing of DL models may not
be efficient due to limited computational resources, edge-based
processing may be inevitable in some applications, e.g., in image
retrieval problem in which the data resides at the edge server [4].

Recently, researchers are investigating distributed learning
and inference computation in which the computational tasks
are distributed over end devices and cloud/edge servers. In
distributed inference, the DNN model is processed partially on
the IoT devices and partially on the edge and/or cloud server. Dis-
tributed DNN (DDNN) [3], DNN Surgery [5], Neurosurgeon [6],
Fused Tile partitioning (FTP) [7], and Distributed INference
Acceleration (DINA) [8] are recent proposals on distributed DL
inference. These techniques propose splitting the DNN models
across two or more network entities (i.e., end device, edge/fog
server, and cloud server). Among these works, authors in [3] and
[6] proposed horizontal splitting (layers-based), whereas works
in [5], [7], and [8] proposed vertical splitting of DNN models
across multiple layers. Despite the performance gains in terms
of computational load, energy or latency achieved using these
methods, none of these works provide sufficient guarantees to
be adopted in real-time inference applications such as video
surveillance. In video surveillance applications employing DL,
frames are captured at a fixed predefined interval (aka frame
rate). Thus, each frame must be processed by the DNN model
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Fig. 1. Edge-enabled IoT-based video processing using deep neural network.

to infer (e.g., classify frame, detect anomaly, etc.) before the
next frame arrives. In fact, the aforementioned works focuses on
the model splitting with different constraints and performance
goals. For instance, Jankowski et al. [3] improved the model
accuracy, Hu et al. [5] reduced inference latency but ignores
energy consumption, and Zhao et al. [7] reduced the memory
footprint. Kang et al. [6] although reduced the latency and energy
consumption of the target DNN model, but incurs additional
overhead and energy consumption.

In this article, we propose novel lightweight strategies based
on horizontal layer-based splitting of inference computational
tasks between IoT devices and edge server to improve real-time
applications such as video surveillance with stringent delay
constraints as illustrated in Fig. 1. More specifically,

1) We propose an Early Split Strategy (ESS) to split the
DNN model in the lower layers and offload the maximum
portion of the DNN to the edge server. The ESS scheme
opt for maximum energy efficiency and is more suitable
for battery-powered IoT devices such as unmanned aerial
vehicles (UAVs), smartphones, etc.

2) We propose a Late Split Strategy (LSS) to exploit more
local resources and offload only the DNN layers that
involve heavy computation. The LSS scheme also respects
the delay deadlines of the application. It is more suitable
for IoT devices with regular power supply such as CCTV
cameras, etc. It is also a preferred method for IoT networks
with higher probability of communication bottlenecks.

3) We evaluate the proposed strategies using well-known
deep learning models for image and video processing for
performance in real-world video surveillance applications.
Finally, we provide future insights on the particular appli-
cations of each scheme.

A. Article Organization

This article is organized as follows: Section I describes the
problem of running deep learning models on the edge devices
with real-time video surveillance as example. It includes a strong
motivation for distributed inference computing requirement in
IoT networks running deep learning and video services. Sec-
tion II provides a comprehensive overview of the distributed

inference tasks and layers-based splitting of DNN models. The
detailed system model of our article is presented in Section IV.
Section V explains the proposed splitting techniques including
the ESS and LSS strategies. Section VI presents the experimental
set up, and presents the acquired results of our evaluation.
Finally, Section VII concludes this article.

II. DISTRIBUTED INFERENCE COMPUTATION: AN OVERVIEW

This section provides a brief overview of how DNN inference
can be performed in distributed manner over IoT devices and
edge server.

A. DNN Computation—The AlexNet Example

An illustrative example of processing videos is the image
classification using convolution neural network (CNN). How-
ever, most CNN models tend to be huge in size, i.e., these
are comprised of several hundreds of layers and millions of
parameters. For instance, the AlexNet [9] model is an efficient
CNN model for image classification. The model as shown in
Fig. 2 is comprised of five convolutional (Conv) layers and three
fully connected (FC) layers. It has around 60 million parameters
and 650 000 neurons. It takes around five to six days to train on
two GTX 580 3 GB GPUs.

Running huge DNN models entirely on the IoT devices is not
efficient and it requires large computational resources and mem-
ory footprints [10]. Hence, IoT (or any client) devices offload the
DNN computational tasks to the edge server and the server run
the DNN model on behalf of the requesting device. However,
if the edge server does not have the preinstalled DNN model,
offloading the entire DNN models to the server causes overhead.
For instance, uploading the entire AlexNet model to the server
takes around 24 s on 80 Mb/s wireless link [11]. A more practical
method is to upload the DNN model incrementally (i.e., layer
by layer) [11].

B. Splitting DNN Models

To minimize the computational load and energy consumption
of the IoT device, several works have proposed splitting the
DNN model computation in a way that heavy computational
tasks in the DNN model are offloaded to a remote cloud or edge
server. Among the splitting strategies, the layer-based splitting
strategy [5], [12], [13], [14] is more intuitive and attractive.
In layer-based DNN splitting, the DNN model that consists
of several layers is cut into two parts such as the model is
computed partially at the IoT device whereas the output of the
last layer of this part is offloaded to the server for the remaining
computation. Finally, the end result or inference (i.e., predicted
class or anomaly) is sent back to the IoT device. Fig. 3 illustrates
the layer-based splitting approach in DL models.

For instance, Table I presents the per-layer details of the
AlexNet [9] model explained earlier.It can be observed that the
output of some intermediate layers is significantly smaller than
those of other layers. Hence, this provides an opportunity to
partially compute the model (i.e., few layers) at the IoT device,
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Fig. 2. AlexNet architecture.

Fig. 3. Model splitting technique for distributed inference.

TABLE I
ALEXNET MODEL SUMMARY

whereas offload the output of the last layer of the first partition
to the server for the remaining computation.

The partitioning or splitting of the DNN model however
should generally consider several tradeoffs among parameters
such as computation load of the IoT device and the edge server,
energy consumption of the IoT device, inference latency re-
quired by the application, and the wireless channel strength
to transmit the output of the particular layer. When the IoT
device has low processing power or heavy computational load,
the splitting should be done such as to execute only few or low
computational layers at the IoT device, whereas we offload the
remaining heavy computational layers to the server. However,
the splitting should also consider the communication delay to
transmit the output of the particular layer to the server. If the
channel data rate degrades severely, the splitting should be done
such as the size of the data that is to be transmitted is small.

C. Sequential Versus Nonsequential DNN Models

DNN model can be sequential or nonsequential. In sequential
DNNs, the input of one layer is directly connected to the output
of the previous layer. In nonsequential DNNs, there can be some

Fig. 4. Sequential and nonsequential DNN models.

layers that are connected to two or more layers, thus creating
multiple paths between the first input layer and the last output
layer. Fig. 4 illustrates the between the two types of DNNs.

Splitting a sequential DNN is simple and straightforward.
In a sequential DNN that consists of L layers, there can be
a maximum of L− 1 spitting points (e.g., the AlexNet model
consists of 12 layers and thus has 11 splitting points). However,
in nonsequential DNNs, the splitting should be done carefully.
When splitting a nonsequential DNN model between two de-
vices (e.g., an IoT device and a server) is required, it is usually
done at the layers along the linear paths (e.g., at L1, L2, L9,
and L10). Splitting at the parallel paths (e.g., L3 - L8) can
cause synchronization issues [13]. Thus, all parallel layers (e.g.,
L3 - L8) are usually grouped as a single block and computed
at a single device. However, a mechanism that guarantees the
execution of the last layers on both parallel paths (e.g., L3, and
L8) completes at the same time, further splitting points over the
parallel paths can be considered.

D. Computation Load and Energy Efficiency in DNN

In DNN such as CNN, each convolution (Conv) layer con-
volves the input feature map (ifmap) with the kernel to generate
the output feature map (ofmap). This process of convolution
involves elementwise multiplication and accumulating (MAC)
these products. Hence, the number of MACs is an accurate metric
to estimate the computation load/latency of CNN models. The
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Fig. 5. MAC operation in arithmetic logic unit (ALU): Each MAC operation
requires at least two memory reads and one memory write operation.

MAC operations in a CNN model involve around 99% of the
computational load [15], whereas almost 90% of the execution
time of a CNN model is due to Conv layers during inference
task [16].

Energy consumption of DNN constitutes two portions, i.e.,
computation energy and data-flow or memory access energy. The
total energy consumed to process a single CNN layer is the sum
of the computation energy and memory access energy [17]. The
computation energy is directly calculated from the number of
multiplication-and-accumulation (MAC) operations performed
at the layer. The data flow energy is computed from the energy
consumed to access every bit at the hierarchical memory. Each
MAC operation involves three memory reads access and one
memory write access, as depicted in Fig. 5. The amount of energy
consumption for memory access is different for each mem-
ory level. Usually, accessing dynamic random access memory
(DRAM) requires 1 or 2 order of energy higher than accessing
on-chip memory [18]. Yang et al. [15] showed that the amount
of data in MAC operations in CNN does not directly increases
with the increase in number of MAC operations due to the data
reuse. Due to high reuse probability, the weight and activation
in Conv layer has a high impact on energy than in FC layer.

III. RELATED WORK

Eshratifar et al. [19] demonstrated that local or remote com-
puting alone is not an optimal approach while considering infer-
ence delay and energy consumption of the mobile device, and
motivate splitting the inference task for optimal performance. To
achieve the maximum performance gain from splitting DL mod-
els, optimal splitting strategies are required. Matsubara et al. [20]
discussed the various challenges of split computing in complex
neural networks focusing on the inference time reduction.

A layer-based model splitting technique, i.e., distributed DNN
(DDNN) using hierarchical computation is proposed in [3]. In
the DDNN scheme, the candidate split points are predefined
based on the model accuracy. A local aggregator determines if
the combined model (sent by all end devices) at given split points
provides sufficient accuracy, it infers the sample, otherwise it
send the model to the edge server. Eventually, the edge deter-
mines first if it can correctly infer the sample using the received
model, it does; otherwise it sends the model to the cloud server.
The limitation of the DDNN scheme [3] is that it targets the
model accuracy and does not consider the inference time, thus
making it less suitable for real-time application with strict delay
requirements.

In [5], Hu et al. formulated the DNN partitioning problem
by representing DNN as a directed acyclic graph (DAG). Each
vertex in the DAG represents a layer of the DNN model, whereas

the edges (the link between vertices) represent communication.
The method splits the DNN model into two parts (for processing
at the edge and cloud, respectively) by considering the actual
network condition with the objective to minimize the overall
delay of processing a single frame. This method although tries
to achieve the delay performance of the network, it does not
consider the energy consumption which is a critical challenge
in IoT networks. Moreover, the proposed work [5] evaluates
the case of a single edge server and a single cloud server.
DAG-based split inference is also proposed in [21]. In con-
trast to layer-based splitting, Zhao et al. [7] proposed a fused
tile partitioning (FTP) method to split the CNN layers into
independently distributable tasks. The layers are split in grid
fashion to form several independent tasks by vertically fusing
and are then distributed to IoT devices to minimize the memory
footprint and communication overhead in the cluster. The article
was motivated by the fact that layers based splitting may leads
to aggressive or complete offloading when the IoT devices are
severely constrained. However, the FTP method can easily fail in
smaller clusters of severely constrained IoT devices. The failure
becomes more evident when the number of IoT devices receiving
the DNN tiles (parts of the layers fused vertically) are unable
to compute the tasks within the available time frame in real-
time applications. Mohammed et al. [8] proposed Distributed
INference Acceleration (DINA), i.e., a vertical segment-based
method of splitting DNN to allow for more than one partition
of a DNN model. Multiple partitions allow us to distribute
the computations among multiple edge servers in the network.
DINA [8] has two limitations. First, multiple partition splitting
has no significance in the case of a single edge server in the
network. Second, the vertical splitting in DINA has a lower
bound on latency equal to the longer processing time of one
of the segments. Thus, the performance gains in DINA can be
less significant as compared to the complexity of the model.
A more detailed insight into layer-based splitting of DNN in
mobile devices is presented in Kang et al. [6]. The proposed
algorithm Neurosurgeon [6] splits the DNN horizontally using
prediction models. The prediction models estimates the latency
and energy consumption for executing each layer on the mobile
and cloud and dynamically decide the splitting of the DNN
model accordingly. Although this technique may achieve better
performance on the DNN computation, it incurs additional over-
head to store, run, and update two additional prediction models.
It is also inevitable as the prediction models will recur for every
splitting decision thus supplementing the actual DNN overhead
on the IoT device.

Tuli [22] proposed SplitPlace, a distributed placement of
neural networks on mobile hosts. The placement decision is
taken using multiarmed bandit (MAB) to meet the workload
deadline. The work provided experimental evaluation using
Raspberry-Pi devices on ResNet50-V2 [23], MobileNetV2 [24],
and InceptionV3 [25] networks. A layer-based splitting strategy
in CNN in proposed in [26]. However, the goal of splitting is
to balance the computational load instead of inference time
reduction. Li et al. [27] investigated the benefits of quantization
in reducing the communication delay in transmitting the models
over the wireless links in a cloud-edge collaborative inference. A
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TABLE II
SYMBOLS AND MEANINGS

learning algorithm to solve the distributed inference is presented
in [28]. The work presents a learning rule based on adaptive
quantization and event-triggering.

The aforementioned relevant works propose different ap-
proaches to address the distributed inference problem, none of
these provides a realistic solution that can be adopted in real-time
IoT applications.

IV. SYSTEM MODEL

Consider a network that consists ofN number of resource con-
strained devices. We assume that all devices are homogeneous in
processing capabilities. More specifically, the processing power
of all devices is constant (Pn = P, ∀n ∈ N). Each device is
running a DNN model to perform common tasks such as image
classification, etc. We assume each device has a pretrained
generic DNN model that consists of L number of sequential
layers. The size of each layer is denoted as Sl. In our system
model, we use a single edge server with processing power Pe

(Pe � Pn∀n ∈ N). We assume that all devices in the network
can connect to the edge via wireless link. Furthermore, the
devices can exploit the edge computational power by offloading
any task to it via the wireless link.

A. Computational Load

Let the computational load (the DNN task) is defined as
the number of multiplications per second denoted as C. The
computational load of a single layer is measured as the sum
of multiplications performed to compute the output. The total
computational load can be calculated as

CL =
L∑

l=1

Cl. (1)

Consider a neural network with N inputs at input layer xi, the
output layer aj is calculated as

aj = f

(
bj +

N∑
i=1

Wijxi

)
(2)

where f is the activation function, Wij is the weights, and bj is
the bias vector. The total computations involved are the N ×M
multiplications, M additions, and M applications of activation
function f(.).

If X[C,H,W ] is the input feature map (ifmap) with C as no.
of channels, H height, and W width of the ifmap, K ×K is
the kernel size, the output feature map (ofmap) of Conv layer is
calculated as

Y [b, n, u, v]conv = β[n] +
C∑

c=1

J∑
j=1

K∑
k=1

(Xconv[b, c, v + j, u+ k].Θ[n, c, j, k]) .

The pooling layer subsamples each channel of the input by
taking the average or maximum to reduce the dimensionality of
the CNN. Pooling operation can be formulated as

Y [b, n, u, v]pool = max
p,q∈[1:K]

(
Xpool[b, c, v + p, u+ q]

)
. (3)

The computation workload of DL models is represented in
terms of floating point operations (FLOPs) [29], [30]. FLOPs
are the number of floating point operations carried out by a DL
model. The number of FLOPs for Conv layer is computed as

Cconv = 2H ×W (CinK
2 + 1)Cout (4)

where H , W , and Cin are height, width, and number of features
of ifmap, K is the kernel size, and Cout is the number of output
channels. For FC layer, the number of FLOPs is calculated as

Cfc = (2I − 1)O (5)

where I is the input dimensionality and O is the output dimen-
sionality.

B. Latency

If Cl is the number of computations in the lth layer of a DL
model to be processed, the time to process the layer locally at
device n is calculated as

tlocall =
Cl

fn
(6)
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where fn is the CPU-cycle frequency of device n.
The total time required to process the complete DL model that

comprised of L layers, locally at the device is calculated as

T local =

∑L
l=1 Cl

fn
. (7)

Similarly, the computational latency to execute a single layer
remotely at the server is calculated as

tedgel =
Cl

Fe
(8)

where Fe is the CPU-cycle frequency of edge server. The total
time required to process the complete DL model that comprised
of L layers, remotely at the server is calculated as

T edge =

∑L
l=1 Cl

Fe
. (9)

If the task to be executed at the server, there can be extra delay
associated with the two-way data transfer, i.e., the communica-
tion delay to transmit the data (i.e., feature maps) from the IoT
device to the server, and the communication delay to transmit
the processing results (i.e., predictions) from the server back to
the device.

If the total available channel bandwidth is W , and we use
orthogonal multiple access scheme (such as OFDMA) in which
the devices can offload their tasks to the server via orthogonal
subbands simultaneously, the achieved data rate by a single
device is calculated as

R(γ) =
W

n
× log2

(
1 + γ(n,e)

)
(10)

where γ(n,e) is the signal-to-noise ratio (SNR) of the wireless
channel between the server and the nth device. The channel
data rate is used to calculate the communication delay for
transmitting a layer output to the server as Sl/R(γ)

When multiple IoT devices offload their tasks to the same edge
server, the tasks (i.e., DNN layers to be executed) are queued in
the server buffer. To avoid complexity, we use first-in first-out
(FIFO) scheme to execute tasks in the server queue and calculate
this extra delay analytically as T queue.

C. Energy Consumption

Running DNN model fully or partially consumes energy at
end devices. If the inference task is completed locally at the
device, the energy consumed is mainly for executing the DNN
model. However, if the DNN model is partially executed at the
device and partially offloaded to the server, the energy consump-
tion is the sum of energy consumed for executing the partial
model (few layers) and the energy consumed for transferring
the remaining DNN layers. Recall that the number of computa-
tions to process the lth layer is Cl, the energy consumption of
processing a layer locally at the device is

Ecomp
l = ξnCl(fn)

2 (11)

where ξn is the switched capacitance of the device processor.
The energy consumption of offloading a layer to the edge

server is the sum of energy consumed in transmitting to the

Fig. 6. Representation of nonsequential models.

edge and the energy consumed in receiving the results back

Ecomm
l = El

tx + El
rx. (12)

When a server completes the model execution, it transmits the
final output which can be a predicted class in image recognition
application. As the size in bits of the output is very small, we
assume the energy consumed by the IoT device in receiving data
(i.e., model output) is negligible, i.e., Erx ≈ 0,. Thus, the total
device energy consumption in offloading a single layer becomes

Ecomm
l = El

tx = P t
n

Sl

R(γ)
(13)

whereP t
n is the transmit power of devicen. Finally, in distributed

inference, the total energy consumption is computed as the sum
of computational energy of processing few layers locally and
the communication energy of offloading the remaining layers to
the server.

V. PROPOSED SCHEME

We consider resourced-constrained IoT devices connected
to an edge server as illustrated in Fig. 3. Each IoT device is
running a DL-based video processing application to perform
a common inference task (e.g., anomaly detection). The DL
application requires the inference task to be completed within
a fixed delay deadline (constrained by the frame capturing rate
of IoT devices). The IoT devices must complete the inference
task within the delay deadline. If the local processing power
is insufficient, it offloads the DL model fully or partially to
the edge server for faster computation. The objective is thus
to find the optimal splitting of the DNN model such that task
can be completed within the delay deadline. Furthermore, the
IoT devices may be battery powered or may be connected to
direct power source. If the IoT device is battery powered, energy
consumption is an additional constraint and must be reduced.

As illustrated in Section I, the DNN model can be sequential
or nonsequential. For sequential models, the layer splitting tech-
nique is just to find the index of the layer in the layers sequence.
For nonsequential models, we propose to represent the model
first in an equivalent (in terms of computational/memory load)
sequential model. Consider a generic nonsequential DNN model
in Fig. 6, where the letterC represents the computational load of
the layer and S represents the size of the ofmap of the respective
layer.

Let C∗ is the matrix representing the computation load of the
model:

C =

[
C1 C2 C3 C5 C6

0 0 C4 0 0

]
. (14)
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where each element of the matrix is the number of computations
at each single layer, the corresponding equivalent sequential
matrix C is written such that each

C =
[
C1 C2 sum(C3, C4) C5 C6

]
. (15)

In the sum way, the layer’s parameter size matrix is also com-
puted to represent the memory load of the respective nonsequen-
tial model.

In the following, we propose two distinct techniques for
layer-based splitting of the DNN model for distributed inference
computation.

A. Early Split Strategy (ESS)

In this article, we assume that the IoT device has scarce
energy resource, whereas the inference task must be completed
within a delay deadline for optimum performance of the system.
The IoT device thus offloads the maximum number of layers
to the edge server. The layers are offloaded as soon as the
communication channel provides sufficient data rate to transmit
the layer parameters, while meeting the delay constraint. The
problem is formulated as follows: Let xi is a binary variable
that represents the layer splitting

xi =

{
1, If i is the split point
0, otherwise

min

L∑
i=1

xi ∀i ∈ L (16)

subject to

L∑
i=1

T comp(n)[1 : i] + T comm[i] + T queue

T comp(e)[i : L] ≤ T ∀n ∈ N, i = 0, 1, 2. . .L
(16a)

L∑
i=1

xi = 1 ∀i = 0, 1, 2, . . .L. (16b)

Equation (16) ensures early splitting of the model. Equation
(16a) enforces the task completion deadline. Equation (16b) is
to ensure that the model must be split at exactly single point.

We propose the Early Split Strategy (ESS) heuristic in Algo-
rithm 1 to solve the optimization problem in (16).

The ESS algorithm works as follow: The IoT devices compute
the input layer locally and update the value of remaining delay
deadline T ∗ = T − T local. Then at each layer, it first checks
whether it can offload the remaining layers while meeting the
inference delay deadline. If yes, it offloads the remaining layers
to the edge server, otherwise; it continues local processing for the
next layer. The main decisive factor here is the communication
channel. If the channel gain is high enough to support the
offloading of the layer, the model is offloaded immediately. The
ESS algorithm ensures the inference task to be completed within
the delay deadline and perform the model splitting at early stage
by limiting the number of layers for local processing and offload
the maximum portion of the model to the edge server. In this

way, the energy consumption of the IoT device can be greatly
reduced.

B. Late Split Strategy (LSS)

In this article, we assume that the IoT device has no energy
constraint (e.g., it is connected to a regular power source) and
the only constraint on the inference task is the inference delay
deadline. The IoT device will thus attempt to execute more tasks
locally and offloads only when the local computational resource
is insufficient to complete the task. It is worth to notice that
the inference delay deadline also captures the computational
resource of the IoT device as low computational power of IoT
device will cause higher inference delay when local execution
is adopted. The problem is formulated as follows: Given xi the
decision variable, we aim to maximize the number of layers
processed locally

max

L∑
i=1

xi ∀i ∈ L (17)

subject to:

L∑
s=i

T comp(n)[1 : i] + T comm[i]T queue+

T comp(e)[i : L] ≤ T ∀n ∈ N (17a)

L∑
i=1

xi = 1 ∀i = 0, 1, 2, . . .L. (17b)
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Equation (17) ensures late splitting of the model. Equation
(17a) enforces the task completion deadline. Equation (17b) is
to ensure that the model must be split at exactly single point. We
propose the Late Split Strategy (LSS) heuristic in Algorithm 2
to solve the optimization problem in (17).

The algorithm works as follow: The IoT device starts com-
puting the input layer locally. Then, at each layer, it first check
whether it can compute the next layer locally while meeting the
inference delay deadline. If yes, it continues local processing
for the next layer. If the delay deadline cannot be met, it then
offloads the remaining layers to the edge server. At each layer,
the algorithm updates the delay deadline (T ) by calculating
the remaining time (T ∗) to process the entire model. Then, the
distributed delay (T dist) for the remaining layers is calculated
using the equations in Section IV. If the distributed delay (T dist)
is greater than the updated delay deadline (T ∗), it must process
the next layer locally, otherwise it decides the split point and

TABLE III
SIMULATION PARAMETERS

Fig. 7. VGG16 CNN architecture.

offloads the remaining layers to the edge server to complete the
inference task.

The LSS algorithm offload the computation only when the
inference delay cannot be met using the local processing. Pro-
cessing more layers locally results in higher energy consumption
of the IoT device. However, as the LSS algorithm is proposed for
IoT devices with regular power sources, the energy consumption
is not a constraint. On the other hand, the inference delay
deadline is inherited in the LSS strategy and is always ensured.

VI. RESULTS AND DISCUSSION

A. Simulation Settings

We consider N IoT devices and a single edge server in
our analysis. We use the VGG16 [31] and MobileNet_V2 [32]
CNN models. Both VGG16 and MobileNet_V2 are popular and
widely used CNN model. The VGG16 architecture provides the
basis for other object recognition models. They also surpasses
baselines on many tasks and datasets beyond ImageNet. Due to
their single single-column architecture, these are more suitable
for layer-based splitting schemes. Furthermore, both these mod-
els have sufficient layers to test our algorithms. For instance, its
predecessor, the AlexNet model would be too shallow. AlexNet
has only eight layers and has large size of the parameters set
(60.9 M parameters). Hence, a model with few number of
layers (and more than 57 M parameters in the last three layers)
would not be a reasonable choice to evaluate the performance
of splitting techniques. The performance of splitting is more
evident in large but dense models [33].

The simulation parameters are listed in Table III.

B. Simulation Results

We first evaluated the performance of the proposed algorithms
in Section IV by considering a single IoT device and an edge
server. Both VGG16 (Fig. 7) and MobileNet_V2 models are
used to analyze the performance of ESS and LSS schemes.
Both VGG16 and MobileNet_V2 have input size of 224× 224.
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Fig. 8. Distributed inference over VGG16 CNN model: An analysis of the
computational load. (a) No. of Locally Processed layers (using inference delay
deadline 1s). (b) No. of Locally Processed layers (using inference delay deadline
2s).

Hence, the ESS and LSS schemes produces the same results
for any real-world dataset. Moreover, we repeated the analysis
for two different delay deadlines of 1 s and 2 s, respectively.
Fig. 8(a) (for application delay deadline = 1 s) and Fig. 8(b) (for
application delay deadline = 2 s) present the results in terms of
local computational load (i.e., average number of layers that are
processed locally).

It is worth to note that the split point changes over time de-
pending upon the local and remote processing resources, and the
quality of the communication channel at the respective instance
of time. In such case, the number of layers to be processed
locally or offloaded to the edge server always vary. Hence, we
present the mean of the locally processed layers for each frame
of the video sequence. It can be observed in Fig. 8(a) that with
a delay deadline of 1 s, the ESS scheme encounters minimum
computational load for both VGG16 and MobileNet_V2 models.
On average, the ESS scheme allows us to process three layers and
five layers locally for VGG16 and MobileNet_V2, and offload
the remaining to the edge. Similarly, in the LSS scheme, ten
layers are offloaded to the edge server for VGG16 model, and
21 layers are offloaded for MobileNet_V2 model. The intuition
behind such behavior of the ESS and LSS scheme is the de-
sign principle. ESS is designed to ensure maximum saving of
the local resources and exploiting the maximum possible edge
resources, provided that the communication channel supports
the transfer of the respective layer data and respecting the total
delay deadline of processing the frame. On the other hand, the

Fig. 9. Distributed inference over VGG16 CNN model: An analysis of the
inference delay. (a) Inference delay (with deadline = 1s). (b) Inference delay
(with deadline = 2s).

LSS scheme is least opportunistic and use the local resources to
the maximum limit. It offloads the layers only when the local
resources become insufficient to process the remaining layers in
the given delay deadline. Fig. 8(b) further signifies the acquired
results. When the delay deadline is 2 s, the LSS scheme allows us
to process 13 for VGG16 and 28 for MobileNet_V2 models. The
ESS does not depend upon the delay deadline and thus allows
almost similar performance as with deadline of 1 s.

Next, we evaluate the inference delay for the ESS and LSS
schemes. It is worth to note that the inference delay depends
upon the splitting strategy and more specifically on the splitting
point. Hence, we hereby provide an analysis for the VGG16
model. The performance of both schemes on MobileNet_V2 or
any other DNN models would depend upon the model depth and
size of the respective layers. However, the relative benefits of
the proposed schemes should be similar to the results presented
here for the VGG16 model. As depicted in Fig. 9, the inference
delay for local computation is very huge and much greater than
the delay deadlines. Hence, distributed inference is needed. In
Fig. 9(a) and (b), the inference delay for both ESS and LSS
schemes is compared for two different delay deadlines (1 s
and 2 s, respectively) over the VGG16 model. As ESS scheme
is more opportunistic and attempts to split the model at the
earliest, offloading more number of layers to the edge server,
the inference task is always completed quickly that results in
less inference delay. However, this benefit is at the cost of more
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Fig. 10. Distributed inference over VGG16 CNN model: An analysis of
the energy saving. (a) Energy consumption (with deadline = 1s). (b) Energy
consumption (with deadline = 2s).

edge resources, which may not be available for free. On the other
hand, in LSS scheme, the inference delay is relatively larger than
ESS. This is because LSS allows us to utilize maximum use of
the local resources and offload only when necessary to meet
the delay deadline. One may observe that the inference delay
in LSS is sometimes higher than the delay deadline. This is
due to the fact the estimated edge resources vary over time and
sometimes can lead to slower processing of the offload tasks
than the estimated time.

Reducing the local computation and increasing the amount
of tasks offloaded to the edge server results in reduced energy
consumption of IoT devices. The comparison of energy con-
sumption using is depicted in Fig. 10. Fig. 10(a) and (b) shows
the CDF of normalized energy consumption using both ESS and
LSS schemes under delay deadlines of 1 s and 2 s, respectively.
It is evident from the figures that the ESS scheme incurs less
energy consumption of IoT devices than the LSS scheme. The
difference is even more when the delay deadline increases to 2 s.
On average, the ESS and LSS schemes offers energy saving of
up to 18% and 52%, respectively, for VGG16 CNN model.

Figs. 8–10 evaluate the performance of ESS and LSS scheme
for a single IoT device. The algorithms are further evaluated
using multiple IoT devices to validate the performance gains.
Fig. 11 shows the performance of both schemes using ten IoT de-
vices over VGG16 model. When considering multiple devices,

Fig. 11. Distributed inference over VGG16 CNN model for ten devices.
(a) Inference delay of distributed inference. (b) Inference delay of distributed
inference.

the algorithms take into account the queuing delay. The queuing
delay can produce unpredictable results if it is not taken into
account. Thus, both the proposed schemes take the offloading
decisions based on the overall delay (i.e., computation delay +
communication delay + queuing delay) to avoid exceeding the
delay threshold.

In Fig. 11(a), the inference delay for each device using ESS
scheme is plotted, which clearly shows that the delay deadline
is met by each device. To compare the performance gain in
terms of inference delay, we plotted the mean delay (solid line)
with standard deviation (filled area) incurred by all devices to
process each frame. It can be seen that the maximum mean delay
using ESS scheme is around 0.31 s and 0.34 s for LSS scheme.
Also, the ESS scheme always incurs less delay than the LSS
scheme. As from the single device analysis presented earlier in
this section, it is very clear that the lower inference delay is due
to the less number of layers processed locally, which results in
lower energy consumption of IoT devices.

Finally, we extend our analysis to measure the effect of
increasing number of IoT devices served by a single edge server.
In this analysis, the number of IoT devices are increased from 1
to 20 with a step size of 5, and the mean inference delay of the
network is computed. The results are exhibited in Fig. 12.

It can be observed in Fig. 12 that the average inference delay
of all IoT devices increases when more devices are offloading
the computations simultaneously to the single edge server. Both
algorithms are still able to meet the delay deadlines up to a certain
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Fig. 12. Mean inference delay versus the number of IoT devices in the network.

network size (1̃5 devices). However, when the number of devices
further increases, the inference delay increases slightly due to
the queuing delay at the edge server. The analysis shows that the
inference delay increases by an average rate of 30% for every
increase of five additional devices that are offloading tasks to the
server. However, we believe that the statistic can vary depending
upon various factors such as wireless channel quality of each
device, the DNN model running over the devices, the processing
capabilities of IoT devices, and the edge server. Nevertheless,
the performance gains of both ESS and LSS schemes over other
metrics such as energy consumption and computational gain
achieved at the cost increase in the inference delay is nontrivial.
We highly recommend that accurate tradeoffs among the re-
quired inference delay and the desired computational load and
power saving should be carried out to implement the proposed
strategies in practical deployments.

VII. CONCLUSION

This article presents two lightweight and efficient algorithms
(i.e., ESS and LSS) to implement distributed inference on re-
source constrained IoT devices. Both techniques effectively split
the DL models in a way that the inference delay constraint
of the application is respected. While attaining the minimum
delay deadline in both schemes, the ESS scheme additionally
achieves higher energy efficiency by maximum utilization of
the edge resources and is thus a more suitable technique for
battery powered IoT devices (e.g., drones, smartphones, smart
watches, etc.). Conversely, the LSS scheme is more suitable
for IoT devices with a regular power source (e.g., surveillance
cameras with Power over Ethernet (PoE) feature). Simulation
results show that the ESS scheme typically achieves 15–20%
reduction in the computational load of IoT device whereas the
LSS scheme achieves up to 60% reduction. The amount of gain
achieved for computational load provides a direct indication
of the potential energy saving in IoT devices, which is also
confirmed by the simulations. The results are significant and
provide basis for the practical use cases of both schemes as stated
earlier. While both the ESS and LSS schemes always achieve
the target delay deadline and the reduction in the inference delay
may be seen as trivial in small networks, it is highly desired
in large IoT networks with limited server resources. As future

work, we suggest to extend the proposed schemes to arbitrary
CNN architectures and other types of deep learning models. We
also intend to test the performance of the proposed schemes
in real-world IoT networks with mix of IoT devices running
inference over CPUs and GPUs.
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