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Abstract—Artificial intelligence (AI) has been shifted to the
embedded devices known as edge devices. Component-level power
is very important for the design and optimization of applications
on edge devices to estimate energy consumption. Thus, accurate
power measurements are needed for battery-powered systems.
However, it is not straightforward. Because the behavior of a
GPU is rather complex and not well documented. In this work,
we report challenges getting power measurements using the built-
in power sensor for an NVIDIA Jetson GPU device. We provide
a method for true power and energy measurements of the kernels
running on NVIDIA Jetson family GPUs.

—dynamic power, edge devices, energy calculation,
experimentation, internal power sensor, power monitoring, power
profiling

I. INTRODUCTION

GPU-based accelerators can afford greater computing per-

formance and better energy efficiency than multicore CPUs

[1]. Thus, the low-end GPUs have become the perfect de-

ployment choices in handheld and embedded devices. Battery

life is very crucial in all types of low-end embedded devices.

Accurate power measurements are critical for determining

bottlenecks of programs executing on GPUs and optimiz-

ing energy successfully. The power consumption of many

processor units has been investigated from the past to the

present [2], [3], [4].Power measurement methods for GPUs

are generally performed using external power meters and

statistical or predictive models [5], [6]. Internal power sensors

are finding widespread use to provide power measurements

because they enable convenient profiling. The new genera-

tion NVIDIA GPUs have built-in power sensors to enable

querying the power consumption of CPU, GPU, or SoC. In

[7], Burtscher and Zecena performed a study to measure the

power consumption of a K20 GPU using a built-in sensor. In

their study, they witnessed some unexpected behaviors and

presented an approach to obtain correct power and energy

consumption. This work has shown that we should understand

the output of built-in sensors to make use of their readings for

power monitoring. They worked on an NVIDIA’s Kepler GPU

which is NVIDIA’s first microarchitecture focused on energy

efficiency.

Neural network-based applications have become popular to

be run on abroad range of devices from mobile devices to

workstations. Performance, power, and energy consumption

are important parameters for neural network applications. The

preference for artificial intelligence applications to run on

edge devices is increasing because of latency and privacy

requirements [8]. In this study, we wanted to look at the power

and energy consumption of the AI applications on NVIDIA’s

Jetson family embedded GPUs.1 Similar to Burtscher and Ze-

cena’s work, we met similar behaviors when measuring power

using Jetson’s built-in sensor. Therefore we have decided to

apply and validate their methodology to measure power and

energy in our experiments. While we validate some of their

findings, we found some differences, because of the different

GPU architectures. When we apply their true power formula

using these values, we observe large spikes in power profiles.

We examine the reasons and add an intermediate process to

obtain square-wave power profiles for Jetson GPUs.

In summary, we examine the power profile of an embedded

GPU using built-in sensor data. We perform our experiments

on an NVIDIA Jetson TX2 GPU and use CUDA environment.

We make important observations about the power profile

of CUDA kernels. We demonstrate an additional process to

compute the true power and energy consumption when using

the proposed methodology in [7].

We report related works in the literature in section II. We

provide details on the hardware and software components of

our experimental setup in section III. We analyze the result of

our GPU’s built-in sensor measurements in section IV. Then,

we explain our approach to obtain the correct power profile in

section V. We report the validation results using a Jetson AGX

Xavier GPU in section VI. Finally, we discuss future works

and conclude our study in section VII.

1Jetson TX2 and Jetson Xavier are power-efficient embedded AI computing
devices from Pascal and Volta microarchitecture, respectively.
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II. RELATED WORK

Power monitoring provides an opportunity to evaluate and

improve the energy efficiency of codes. In the literature, there

are several studies about the energy consumption of GPUs [9],

[10]. As distinct from them, our study analyzes the power and

energy measurements of NVIDIA Jetson embedded GPUs.

There are two techniques to measure power consumption

of a hardware component as direct measurement and indirect

measurement. Direct measurements use internal or external

hardware sensors to read power periodically during a time

interval. External power meters provide accurate measurement

but require physical system access and probing [6], [11], [12].

Internal onboard power sensors allow component-level power

monitoring when they are available. They are easier to use and

do not need additional hardware. On the other hand, indirect

measurements use a model that estimates power consumption

using hardware performance counters. Most of the published

works in this area are about power estimation models [13],

[14], [15].

In [7], the authors analyzed the power consumption mea-

sured by NVIDIA Management Library (NVML) based on

the built-in power sensor, and proposed a methodology to

compute the instant power and energy consumption of K20

GPUs.2 Coplin studied the effects of the core and memory

clock frequencies on energy consumption, instant power and

runtime for a K20c GPU using the built-in power sensor [1].

Ikram proposed an experimental methodology for measuring

peak and average power, energy, and run-time of any program

executing on NVIDIA Tesla K40c GPU by using NVIDIA

System Management Interface (NVSMI) to read power sensors

on the GPU [17].3 Sen and Imam examined four different

GPU power profiling techniques and discussed the effects of

moving-average filters on the measured power profiles [19].

Holly and Wendt provided a power measurement method

that uses a built-in power sensor for CNNs for generating

estimation models on NVIDIA Jetson Nano [20].

III. EXPERIMENTAL SETUP

A. GPU Description

Jetson is a series of embedded computing boards from

NVIDIA. Our target hardware is NVIDIA Jetson TX2 [21].

Jetson TX2 is a fast and power-efficient embedded AI com-

puting device. It includes two NVIDIA Denver 2 CPU cores

and four ARM Cortex-A57 CPU cores to offer different power

and performance options. It is built around an NVIDIA Pascal-

family GPU. It consists of 256 CUDA cores and 2 Streaming

Multi-Processors (SMs). The Jetson TX2 module is equipped

with an onboard TI-INA3221x power sensor chip [22].

B. Microbenchmarks

We designed and implemented a microbenchmark set to

study the power characteristics of NVIDIA Jetson family

2NVML [16] is an API that queries the onboard sensors to obtain the
instantaneous power consumption of the GPU device.

3NVSMI [18] is a profiling tool based on NVML to access the built-in
sensors.

GPUs in detail. While we study various microbenchmarks with

different computation and memory access characteristics that

we developed, here we only focus on one microbenchmark to

explain the methodology.4 It is a simple kernel that performs

vector multiplication in a loop that we refer it as MUL kernel

throughout this paper. Using MUL kernel, we stress arithmetic

logic units (ALU) of the GPU. Power data are obtained

from the built-in sensor while running the microbenchmarking

kernel on the GPUs at MAX-N power mode.5

C. Power Monitoring

Unlike previous studies [24], [25], [13], [26], NVML is not

supported on Jetson platforms. The power sensors can either

be read automatically with the tegrastats [27] application or

manually by reading sysfs nodes in the Jetson TX2 module.

We developed a CUDA based program to collect the power

consumption. We use two threads. The first thread launches

the kernel while the second one reads the power and takes

timestamps. The power monitoring thread running on the CPU

reads the power in milliwatts through the sys-file when a kernel

running on the GPU.

We preferred manual reading to achieve a higher time reso-

lution and flexibility. During the measurements, we connected

the device via an Ethernet port. It is used for communication

over SSH. We disabled the graphical user interface to reduce

the number of background processes running during our

experiments. We observed that the average time resolution

is approximately 422 μs when we run the power monitoring

thread in a loop without delay.

IV. MEASUREMENTS AND OBSERVATIONS

We measure the power consumption before, during, and

after the execution of the kernel in a loop without delay. We

allocate memory for input and output vectors and initialize

them at random. Then, we transfer input vectors from the host

to GPU memory.

We start with measuring the power consumption of very-

short running MUL kernel on the NVIDIA Jetson TX2 GPU

when running eight times.6 MUL kernel starts at time t1
and ends at time t2. The total run-time for this kernel is

approximately 160 ms. Fig. 1 displays the power profile of

this execution. We observe edges in the power profile. The

increase and decrease of power consumption is in the form of

steps.7 In Fig. 1, we observe the idle power as 152 mW. The

last step on 229 mW takes some more time before reaching

4We observe similar behaviours with other microbenchmarks that we
studied.

5Kernel launch configuration is critical to obtain a good occupancy and
Streaming Multiprocessor (SM) activity level [23] on the GPU. In our
experiments, we set the block and grid sizes accordingly to obtain a good
occupancy and SM activity.

6Unless we state otherwise, our experiments run on the NVIDIA Jetson
TX2 GPU.

7We run two other microbenchmarks: MEM and FSIN Kernel. With these
kernels, we stress memory units and special function units (SFU) of the GPU.
The run-time of each of these kernels is approximately equal to the very-short
running MUL Kernel. We obtain a similar shape of power profile, but different
peak power level.
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to the idle power level. We believe that GPU waits to launch

a new kernel before stabilizing at the idle level.
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Fig. 1. Power profile of MUL kernel running 8 times.

When the execution of the kernel starts, the computational

activity on the SMs immediately rises, remains constant during

the execution, and then immediately is set to zero [7]. There-

fore, the expected power profile is similar to the one that is

shown in Fig. 2. However, the power profile that we observed

is in the shape with a gradual increase at the start of the kernel

and a gradual decrease at the end of the kernel. The power

consumption has a delay at the beginning of the execution and

a tail after the end of the execution.

Fig. 2 highlights this difference between the observed power

profile and the kernel activity.8 Reaching the peak level takes

approximately 2,5 seconds in the observed power profile. The
difference between the kernel activity and power profile
causes a problem to obtain instant power and energy
consumption of kernels. To calculate the energy of a kernel,

we can simply integrate the power over the run-time. But the
integral from t1 to t2 does not correspond to true energy
consumption due to the delay and the tail in power profile.
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Fig. 2. Expected and measured power profiles of MUL kernel.

Next, we increase the run-time of MUL kernel by increasing

and then doubling the loop count in the kernel. We aim to

see whether the behavior of power consumption (in terms of

8The figure here shows the power profile of MUL kernel at a higher scale.

increase and decrease) will change over time. First, the run-

time of the kernel is around 5 seconds, and the second time

it is around 10 seconds. Fig. 3 displays the power profile of

the kernel when running with increased loop counts. There are

still steps on the power profile but it looks like exponentially

increasing and decreasing in the macroscopic scenario. We

expect that the energy should also double, but there is a

discrepancy. This behavior is consistent with the findings that

are given in [7]. Here, we again observe the sharp profiles with

manual readings compared to the NVML data given in [7]. In

[7], Burtscher and Zecena used the NVML’s function to read

power consumption, but we do not use any library function.

We think that edges occur due to this sampling dissimilarity.
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Fig. 3. Power profile of MUL kernel with increased run-time (running around
5 seconds and 10 seconds).

Then, we reduce the run-time of MUL kernel by reducing

the loop count by five times in the kernel so that we obtain the

run-time of the kernel around 1 second. We add a one-second

delay in between two invocations of the kernel. Fig. 4 displays

the power profile of two runs with a one-second delay. The

second execution starts at a higher power level and reaches to

a higher peak power level. Therefore, the energy consumption

is more for the second execution.
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Fig. 4. Power profile when executing MUL kernel with a run-time of 1 second
twice with a one-second delay.

Fig. 5 shows the sampling durations between consecutive

power samples before, during, and after the execution of MUL
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kernel when sampling the power without delay. We make the

following observations from this experiment. Firstly, interval

lengths are not equal. Secondly, the patterns of interval lengths

before and after the execution look similar. Rapid and consis-

tent fluctuations occur around 495 μs in these phases. During

the execution, average interval length decreases insignificantly,

as shown in Fig. 5. Unlike Burtscher and Zecena’s finding [7],

the interval lengths in our experiments fluctuate less during the

execution of the kernel.
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Fig. 5. Elapsed times between samples (right axis, violet line) and power
profile (left axis, blue line) of MUL Kernel when sampling the power without
delay.

In Fig. 5, we see that there is a large spike at around 9,47 ms,

immediately before t1. Kernel launch occurs about this time.

We think that driver activity causes this large delay around the

power measurement request. Unlike [7], we cannot say that the

interval length increases when the built-in sensor taking a new

measurement. It is clearly seen in Fig. 6.
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Fig. 6. Zoomed look of Fig. 5 showing the power samples (blue points, left
axis) and the corresponding interval lengths (violet points, right axis).

Edges in the power profile decrease when we add a delay

between power sampling. But we cannot increase the sampling

delay further because the granularity of the sampling interval

is important. In other words, we need an acceptable resolution

to correctly measure the energy consumption of kernels with

very-short runtimes by using the built-in sensor.
In the end, when we implement the proposed approach

in [7] to calculate true power and energy, we observe a

noticeable discrepancy on Jetson TX2. We measure power

consumption with a constant sampling period of 14 ms as

determined in [7]. In their approach, Burtscher and Zecena

used the function in (1) to eliminate the curve between the

times t1 and t2 as shown in Fig. 2. The constant value (C)

in (1) compensates the differences between the measured and

expected values. It should be determined experimentally for a

target GPU. Similar to Burtscher and Zecena’s study [7], we

found the constant value (τ or C) 415 ms for Jetson TX2.

Ptrue(ti) = Pmeas(ti) + C × (Pmeas(ti+1)−
Pmeas(ti−1))/(ti+1 − ti−1) (1)

However, we cannot obtain a rectangular profile like
illustrated in [7]. There are notable errors in the corrected
profile due to edges as seen in Fig. 7.
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Fig. 7. Corrected power profile when we apply the proposed approach (in
Burtscher and Zecena’s paper) to the raw power measurements of MUL kernel.

We observe that the difference between power measure-

ments is almost always 75 mW on Jetson TX2. This behaviour

causes edges on the power profile. The difference is occa-

sionally 1 mW. This behaviour causes wobbles on the power

profile. Wobbles are related to the resolution of the power

sensor. These errors can be negligible because of averaging of

values. But edges are quite important and should be handled

to obtain true measurements.

V. OUR PROPOSED APPROACH

The moving average filter (MAF) is a simple and practical

method to reduce white noise and provide smoothness for

many applications [28]. It also has applications in machine

learning, digital signal processing, and processing measured

power profiles [19].

y[i] =
1

L

(L−1)/2∑

j=−(L−1)/2

x[i+ j] (2)

The formula of the moving average filter is shown in (2).

The array of x is the input signal, the array of y is the output

signal, and L is the window size. The input points in the

window is chosen symmetrically around the output point.
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In Fig. 8, we apply a 9-point moving average filter to all

power measurements to obtain the non-sharp curves for the

power profile. As a result, we obtained the rectangle shape

by filtering the measured power profile using the 9-point

moving average filter and calculating the corrected values for

all filtered power samples with (1) for C = 415 ms. The

peak power level is about 8500 mW. We calculate the energy

consumption of the kernel by integrating power values from

t1 to t2. The energy consumption is calculated as 42,449 J

using the measured power values, whereas 42,467 J using the

corrected power values. There is a %0,04 difference.
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Fig. 8. Corrected power profile of MUL kernel running on the Jetson TX2
GPU.

Based on our observations, we propose the following ap-

proach for obtaining the true power and energy consumption

of a kernel running on a Jetson GPU:

1) Read power manually with 14 ms sampling intervals

during execution via a built-in sensor and include time

stamps.

2) Apply moving average filter on raw power measure-

ments.

3) Compute power consumption with (1) using filtered

power measurements.

4) Compute energy consumption by accumulating the prod-

ucts of the corrected power and the elapsed time values

during the kernel execution.

VI. VALIDATION OF RESULTS

Fig. 9 displays that our approach resolves the swelling of

power and energy consumption of the second kernel if there is

a short time between two executions. The corrected profiles of

the two runs are at a similar power level. The power is nearly

229 mW between the executions.

A. Jetson AGX Xavier

We repeated our experiments on a different Jetson family

GPU using our MUL kernel. We observe that the maximum

power level is higher than Jetson TX2 GPU but the time to

reach the peak level is close. It is approximately 2 seconds.

Fig. 10 demonstrates that the constant value (C) is appropriate

to calculate true power and energy consumption for Jetson

AGX Xavier GPU. The corrected power level is about 15800
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Fig. 9. Corrected power profile of MUL kernel running two times with a
1-second delay between invocations.

mW. The energy consumption is calculated as 97,142 J using

the measured power values, whereas 97,311 J using the

corrected power values. There is a %0,17 difference.
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Fig. 10. Corrected power profile of MUL kernel running on the Jetson AGX
Xavier GPU.

B. Applying our Approach to a GNN Benchmark on Jetson
TX2 GPU

Finally, we repeated the experiments using a Graph Neural

Network model, named StemGNN [29], on the Jetson TX2

GPU. We measured the power during the inference of the

model. We used ECG5000 dataset provided by [29]. Fig. 11

displays the corrected power profile after application of our

approach. The corrected power level is about 6100 mW. It

seems that the power level drops to 4750 mW shortly after

the kernel starts. Then it rises again to 6100 mW. Some

SMs may stay idle when the code is irregular. Therefore,

power consumption may decrease depending on the decrease

in utilization.

VII. CONCLUSION AND FUTURE WORK

Researchers are still working on power models for GPUs

because a modern GPU is a black box with complicated and

not well documented power behavior. We have analyzed the

behavior of power consumption of Jetson family of NVIDIA
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Fig. 11. Corrected power profile of StemGNN application running on the
Jetson TX2 GPU.

GPUs. We have observed sharp profiles with manual power

readings compared to NVML data. As a result, we have

provided a reliable and simple method using a moving average

filter to correctly compute power and energy consumption of

GPU kernels based on built-in power sensors. We would like to

evaluate and validate our approach using more sophisticated

real world applications and develop a performance counter

based power model. We plan to use our power measuring

approach when collecting power data.
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