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Abstract Counting people in various urban spaces using artificial intelligence enables a wide range of smart city
applications, enhancing governance and improving citizens’ quality of life. However, the rapid expansion of edge
computing for these applications raises concerns about the growing volume of electronic waste. To address this
challenge, our previous work demonstrated the feasibility of repurposing confiscated illegal TV boxes as Internet of
Things (IoT) edge devices for machine learning applications, specifically for people counting using images captured
by cameras. Despite promising results, experiments in crowded scenarios revealed a high Mean Absolute Error
(MAE). In this work, we propose a patching technique applied to YOLOv8 models to mitigate this limitation. By
employing this technique, we successfully reduced the MAE from 8.77 to 3.77 using the nano version of YOLOv8,
converted to TensorFlow Lite, on a custom dataset collected at the entrance of a university restaurant. This work
presents an effective solution for resource-constrained devices and promotes a sustainable approach to repurposing
hardware that would otherwise contribute to electronic waste.

Keywords: Internet of Things, Smart Cities, People Counting, Crowded Scenarios, Sustainability, TV Boxes, Repur-
posing.

1 Introduction

People counting is a computational task with diverse appli-
cations across various domains. In smart cities, accurate
counting and detection of people are essential for enhanc-
ing public safety and mobility, managing disasters, and opti-
mizing tourism strategies [Gao et al., 2024]. The ability to
make informed decisions based on real-time crowd detection
can significantly improve urban planning and resource allo-
cation [Collini et al., 2024]. Moreover, this capability pro-
vides citizens with valuable information about the presence
of queues or crowds in public spaces and events.
Although sensor-based solutions for people counting have

been utilized [Metwaly et al., 2020; Tang et al., 2020], there
is a growing trend toward artificial intelligence-driven ap-
proaches based on video analysis [Gao et al., 2024]. Com-
monly, these Artificial Intelligence (AI) workloads for video
analytics were conducted in the cloud; however, with the
emergence of edge intelligence - integrating edge computing
with AI - these workloads can now be shifted to the network
edge. This transition enhances latency, privacy, and secu-
rity while providing bandwidth savings [Badidi et al., 2023].
Edge AI enables processing closer to the point of video cap-
ture using devices such as smartphones, single-board com-
puters (SBCs), Internet of Things (IoT) devices, and edge
servers [Himeur et al., 2024].
While a smart city powered by edge AI can enhance gover-

nance and improve citizens’ quality of life, it also raises sig-
nificant concerns about energy demand and electronic waste

(e-waste) production stemming from the widespread use of
intelligent devices in urban environments [Dwivedi et al.,
2022]. In 2022, a concerning 62 million tonnes (Mt) of elec-
tronic waste were generated, representing an 82% increase
since 2010. Projections indicate this figure could rise by
another 32%, reaching 82 million tonnes by 2030 [Baldé
et al., 2024]. Such growth contradicts the Sustainable Devel-
opment Goals (SDGs), particularly SDG 12.5, which states:
”By 2030, substantially reduce waste generation through pre-
vention, reduction, recycling, and reuse” [Nations, 2015].
In light of this context, this work investigates the repur-

posing of TV boxes as AI edge devices for the task of people
counting. The Brazilian Federal Revenue Service (known as
Receita Federal - RFB) confiscates thousands of TV boxes
each year due to illegal imports, and it is estimated that
around 2.5 million of these devices are currently stored in
warehouses. By repurposing these devices, we can prevent
them from becoming e-waste. Additionally, demonstrating
their viability for this task allows us to avoid the costs - both
financial and environmental - associated with purchasing or
manufacturing new edge devices.
In a previous study [Sato et al., 2024], we examined the

feasibility of repurposing TV boxes as edge devices employ-
ing machine learning algorithms in smart city scenarios. The
case study focused on a people-counting application that
used images captured by a camera positioned in front of Uni-
camp’s university restaurant to inform users about the ac-
cess queue. The results demonstrated that two models of
TV boxes were capable of running machine learning mod-
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els with performance comparable to two widely used single-
board computers commonly employed in IoT applications.
Additionally, we found that converting a YOLOv8 model
to the TensorFlow Lite (TFLite) format [TensorFlow Lite,
2024] significantly reduced memory usage compared to the
original version, making it a viable option for all edge de-
vices tested in the study, while meeting latency, CPU usage,
and machine learning performance requirements.
One key challenge in people-counting applications is

maintaining accuracy in crowded scenarios, where error rates
tend to increase significantly. Our initial study did not specif-
ically address this limitation. In the present work, we tackle
this issue by investigating the performance boundaries of
both larger and smaller models to assess their continued via-
bility for the same application and hardware platforms.
Accordingly, one of the main contributions of this study

is the proposal of a patching technique that enhances people-
counting accuracy in crowded environments without relying
on more complex models such as YOLOv8x. This method
enables accurate inference even on resource-constrained
hardware, including Raspberry Pi devices and repurposed
TV boxes. Furthermore, our results show that the computa-
tional and time overhead introduced by applying the patching
technique to lightweight models like YOLOv8n remains ac-
ceptable, with inference times under one minute on the most
constrained devices tested.
In summary, the main contributions of this extended work

are:

• the proposal of a patching method that improves accu-
racy in people counting;

• the demonstration that the patching method, when ap-
plied to lightweight models such as YOLOv8n, is
compatible with the computational constraints of low-
resource hardware;

• the validation that the processing time required for
patching remains within acceptable limits for typical
people-counting scenarios, even on constrained de-
vices.

The remainder of the paper is organized as follows: Sec-
tion 2 reviews related work; Section 3 details the pro-
posed technique for improving people-counting accuracy in
crowded scenarios; Section 4 describes the experimental
setup; Section 5 presents and discusses the results; and fi-
nally, Section 6 concludes the paper and outlines directions
for future research.

2 Related Work
This section compares related work on people counting, fo-
cusing on vision-based and non-vision-based approaches, the
datasets used, and the methods employed.
[Gao et al., 2024] discusses the existing techniques for

crowd counting approaches in IoT environments and other
applications such as healthcare and biotechnology, present-
ing the challenges in complex environments where the task
is to count the number of existing people in a video or an im-
age. The authors define three types of approaches: people
estimation, object estimation and density estimation. Some

IoT solutions involve people counting based on sensors in
various forms, such as thermal, passive infra-red, ultrasonic
and motion sensors.
One example of non-vision-based approaches is the work

of [Tang et al., 2020], which explored the feasibility of Pas-
sive WiFi Radar (PWR) for occupancy sensing and peo-
ple counting, although it is limited to small crowds. Their
method utilized Wi-Fi received signal strength and channel
state information in a system that requires no modifications
to the access point. Conducted in an office environment with
four subjects, the system used a modified LeNet neural net-
work.
Moving to vision based solutions for people counting,

[Ruchika et al., 2022] provided an evaluation of YOLOv5 in
crowd counting applications, showing that it performs well
on low and medium density ranges but not in a very dense
crowd. On the highly crowded Shanghaitech dataset, the
model’s MAE was 11 percentage points higher compared to
less crowded datasets.
[Bhatt et al., 2024] tested some object detection models

such as Faster R-CNN, YOLO, and SSD models. YOLO
displayed the lowest MAE at the Shanghaitech dataset com-
bined with a custom crowd counting dataset. The authors
followed an approach of training the models, which can en-
hance the results however require additional steps than using
pre-trained options.
One work that shows a different approach to enhance peo-

ple counting is the one of [Liu et al., 2019], that proposes
a novel post-processing method (Adaptative Non Maximum
Supression - NMS) to refine the model output based on a dy-
namic threshold according to the density of instances. Their
method combined with one-stage and two-stage detectors
was claimed to achieve state of the art results on the CityPer-
sons and CrowdHuman datasets.
Some authors have already explored the use of TV Boxes

as IoT devices. For instance, [Moreira et al., 2022] proposed
utilizing TV Boxes as edge devices for detecting plant dis-
eases through image analysis, while [Shu and Shu, 2021]
developed a system that detects falls to prevent injuries in
settings such as senior homes and nursing facilities. In a pre-
vious work [da Luz et al., 2025] we examined the resilience
and robustness of TV Boxes by creating a testbed with 20 de-
vices to evaluate their performance and carbon footprint. Our
findings indicate that these devices could perform over 16
million inferences during three weeks of testing under stress
conditions. This raises the discussion of how TV boxes can
surpass commercially available devices in terms of carbon
footprint when using the Brazilian energy matrix.
The aforementioned works encompass a variety of people-

counting approaches, including both vision-based and non-
vision-based methods. We also review studies that ex-
plore the use of TV boxes for computational tasks, as well
as research focused on improving the accuracy of people-
counting models. The present work combines these aspects
by employing an enhanced vision-based people-counting
technique on TV boxes, specifically aiming to improve de-
tection performance in crowded scenarios. Table 1 summa-
rizes the related works comparing their approach, dataset,
and method used.
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Table 1. Comparison of related works based on approach, dataset, and method.
Work Approach Dataset Method
[Gao et al., 2024] Vision & Sensors Multiple (review study) People, Object, and Density Estimation
[Tang et al., 2020] Non-Vision (Wi-Fi) Office Environment Passive WiFi Radar for People Counting
[Ruchika et al., 2022] Vision Shanghaitech + Others Image Analysis for People Counting
[Bhatt et al., 2024] Vision Shanghaitech + Custom Image Analysis for People Counting
[Liu et al., 2019] Vision CityPersons + CrowdHuman NMS-Enhanced Image Analysis for People Counting
[Moreira et al., 2022] Vision & TV Box Plant Disease Dataset Image Analysis for Disease Detection
[Shu and Shu, 2021] Vision & TV Box Fall Detection Dataset Fall Detection System
[da Luz et al., 2025] Vision & TV Box TV Boxes Testbed Performance & Carbon Footprint Study
[Sato et al., 2024] Vision & TV Box Custom Dataset Image Analysis for People Counting
This Work Vision & TV Box Custom Dataset Patching-Enhanced Image Analysis for People Counting

3 Improving People Counting in
Crowded Scenarios

Counting people is a very common computing operation and
it is used in various applications [Gao et al., 2024]. In smart
cities, as an example, detecting people enables monitoring
spaces for public safety, mobility, enhancing urban planning,
managing crowds at events, and supporting retail analytics.
The current system at Unicamp’s university restaurant en-

trance performs people counting and makes the results avail-
able to end users through the university app [Prefeitura Uni-
versitária Unicamp, 2024] (Figure 1). However, image analy-
sis and storage are conducted in the cloud, requiring all pho-
tos to traverse the network, which incurs significant band-
width costs. Additionally, there are security layers in place
for communication between the camera and the server, as the
images contain sensitive content, such as faces. Our work
aims to enable local people counting using TV boxes as a
way to repurpose them. By performing inference on edge
devices, we can drastically reduce bandwidth consumption,
as photos will no longer need to be transmitted, thereby en-
hancing privacy. Moreover, disconnecting the camera from
the cloud mitigates the risk of network attacks during photo
uploads.

Figure 1. Example of people detection in Unicamp’s university restaurant
waiting line - [Prefeitura Universitária Unicamp, 2024]

Although our previous work [Sato et al., 2024] demon-
strated the feasibility of running machine learning models
on TV boxes for this application, the results were unsatisfac-
tory in scenarios withmany people in the images, particularly
during peak hours at the restaurant. To address this issue,
we propose using a patching technique to enhance the perfor-

mance of YOLO models in crowded environments. Patch-
ing involves cropping the image into smaller regions and per-
forming inference on each of these blocks.
Algorithm 1 presents the pseudocode for the patching tech-

nique, where the input image is divided into six blocks, each
conforming to the dimensions used for pre-trained YOLO
models (640x640). Inference is conducted for each block
separately. Given that the EfficientDet models yielded
poorer results, we applied the patching method exclusively
to the YOLO models.

Algorithm 1 Pseudocode for Patching Processing
1: Input: Image object img_object of shape (1920, 1080),

inference model model
2: Parameters: Block size (640, 640), total blocks 6
3: Resize img_object to (1920, 1280)
4: Crop img_object into 6 blocks of size(640, 640)
5: Store each block in blocks
6: Initialize person_count to 0
7: for each block in blocks do
8: Run inference on block usingmodel, filtering for ”per-

son” class
9: Count detected people in the result and add to per-

son_count
10: end for
11: Output: Total person_count

The proposedmethod is straightforward and can be further
refined with additional parameters, such as overlap between
blocks—an approach utilized by other methods to tackle sim-
ilar challenges. One such method is Slicing Aided Hyper In-
ference (SAHI) [Akyon et al., 2022], which allows for an
overlapping ratio. While we evaluated the use of SAHI, ini-
tial results indicated that it would require an ablation study
of the parameters, which we will leave for future work. Sup-
porting this notion, the work of [Gia et al., 2024] defined
patch width, aspect ratio, and overlap ratio for a Co-DETR
model applied to a fisheye camera dataset, demonstrating im-
provements in the detection of small objects.

4 Experimental Setup

4.1 Dataset
For our study, we collected 346 photos from various times
between April 1, 2024, and April 2, 2024, in collaboration



People Counting Application with Crowded Scenarios: A Case Study with TV Boxes as Edge Devices Sato et. al., 2025

Table 2. Comparison between used used devices specification

Device CPU RAMMemory
Architecture Cores Frequency Technology Capacity

Raspberry
Pi 3B+

ARM Cortex-A53
(64-bit) 4 1,4 GHz LPDDR2 1 GB

Raspberry
Pi 4B

ARM Cortex-A72
(64-bit) 4 1,5 GHz 1 LPDDR4 2 GB 1

TV Box
Gen 1 (Tx2)

ARM Cortex-A7MP
(32-bit) 4 1,2 GHz LPDDR3 2 GB

TV Box
Gen 2 (E10)

ARM Cortex-A53
(64-bit) 4 1,9 GHz LPDDR4 2 GB

with the Smart Campus project team at Unicamp. Those im-
ages constituted a dataset covering approximately a full day
of operation at the university restaurant. The photos encom-
pass scenarios of low, medium, and high crowd density, fea-
turing at least one person, as including empty photos could
skew our results. To minimize bias in evaluating model per-
formance, the labeling process was conducted independently
by three different annotators.

4.2 Hardware
Our goal is to repurpose the TV Boxes provided through the
partnership between Unicamp and RFB. We explored two
models: the Youit Tx2 and the BTV E10, due to their differ-
ent hardware limitations, capabilities, and architecture. For
comparison, we used the single-board computers Raspberry
Pi 3Model B+ andRaspberry Pi 4Model B, which arewidely
used embedded devices in IoT applications. Figure 2 shows
an image of each device, while Table 2 outlines their hard-
ware specifications.

Figure 2. Picture of the four devices used in tests

To conduct tests on the TV Boxes, we followed the in-
stallation tutorials2 3 provided by the Smart Campus project
team at Unicamp for setting up the Linux distribution on the
devices. For TV Box Gen 1, we installed Armbian 24.2.5
Bookworm for the RK322X, and for TV Box Gen 2, we in-
stalled Armbian 24.5.0 Bookworm for the Aml-s9xx. This
setup allowed us to transform both TV Boxes into general-
purpose computers, albeit with some hardware limitations,
while running a Linux distribution.

4.3 Inference Models
We are going to compare the performance of the two TV
Boxes in a study case using two pre-trainedmachine learning
algorithms:

2Linux Installing Tutorial for TV Box - Tx2 Model
3Linux Installing Tutorial for TV BOx - BTVE10 Model

1. YOLOv8 [Jocher et al., 2023]: Coming from YOLO
(You Only Look Once) models, this object detection
deep learning model is a single-shot algorithm, being
able to find all objects within an image in one pass. The
YOLOv8 version uses a modified CSPDarknet53 back-
bone with a Spatial Pyramid Pooling Fast (SPPF) layer.
In this work, we tested two versions, YOLOv8n and
YOLOv8x, corresponding to the lighter and the heav-
ier model from the ”8” version available in Ultralytics
packages.

2. EfficientDet [Tan et al., 2020]: This network uses the
EfficientNet as backbone combined with a Weighted
Bi-directional Feature Pyramid Network (BiFPN) de-
tecting objects and doing a fast multi-scale feature fu-
sion. It is also a single-shot algorithm, which moti-
vated the choice for this work, in addition to its popu-
lar use in edge devices. We tested two versions, ”D0”
and ”D4”, corresponding to the lighter and the heav-
ier model that fits in the devices with similar execution
time to YOLOv8. Both models are available in Kaggle
Hub [Kaggle Hub, 2024].

It is important to emphasize that we did not train any of
those models used in this study. Both YOLOv8 and Effi-
cientDet are pre-trained models based on the 2017 version
of the Common Objects in Context (COCO) dataset. [Lin
et al., 2014] This choice facilitates ease of implementation
and enhances the reproducibility of the proposed solution.
For running YOLOv8 models on the TV Box Gen 1 it was

necessary to use a modified version using TensorFlow Lite
(TFLite). Therefore, we converted the original pre-trained
YOLOv8n and YOLOv8x models to the TensorFlow Lite
(TFLite) format for deployment. This process was made
with the tutorial provided by Ultralytics 4. The conversion
is beneficial for resource constrained edge devices, generat-
ing lightweight models with a lower latency, such as shown
by [Verma et al., 2021].
EfficientDet models already have their Lite version from

Kaggle Hub. All TFLite models were run with Tensor-
Flow Lite Runtime with the purpose of using the same in-
terpreter for ARM 32-bit and ARM 64-bit. Since the mod-
els are simpler, we implemented image normalization as a
pre-processing step and Non-Max Suppression (NMS) as a
post-processing step.

4A Guide on YOLO Model Export to TFLite for Deployment

https://smartcampus.prefeitura.unicamp.br/pub/artigos_relatorios/Smart_Campus_Tutorial_TV_Box_TX2.pdf
https://smartcampus.prefeitura.unicamp.br/pub/artigos_relatorios/Smart_Campus_Tutorial_TV_Box_BTVE10.pdf
https://docs.ultralytics.com/integrations/tflite/
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4.4 Metrics

Running all models, we could investigate inference perfor-
mance and, as a result, the TV Boxes usage capability for
image analysis. We provided an evaluation of the model us-
ing common machine learning metrics but also investigated
the behaviour of the devices as inference should happen on
the edge. To provide that analysis, we used the following
metrics:

1. Mean Absolute Error (MAE), as the smallest the best;
2. Root Mean Square Error (RMSE), as the smallest the

best;
3. Average Inference Time by each device;
4. Average Ram Memory Usage;
5. Average CPU Usage;

MAE measure the average of the absolute difference be-
tween the predicted number of people and the true value of
people while RMSE penalize major errors, being more sen-
sible to outliers.
Average inference time is measured to ensure that the

application meets its requirements. Since our case study
focuses on people counting at the university restaurant
entrance, it is essential for end users to receive updates
promptly. The current system has an update interval of two
minutes, so our goal is to achieve the same rate.
Average RAM memory usage and average CPU usage

were measured concurrently with the inferences. Given that
we are using hardware with limited resources (1 to 2 GB of
memory and ARM processors), it is crucial to assess the re-
source consumption during the inference process.
During our experiments, we implemented specific proce-

dures to ensure a fair evaluation. For memory usage, we sub-
tracted the memory consumption immediately prior to the
start of each inference, allowing us to measure only the im-
pact of the inference itself. In terms of CPU usage, we made
the decision to utilize all four available cores during all tests,
as this behavior is not guaranteed by default depending on
the framework used. It’s important to note that CPU usage
is not a straightforward metric; the devices run the operating
system alongside the inferences, which includes various I/O
operations during swap memory usage, potentially lowering
the reported CPU usage levels.

5 Results and Discussion

Table 3 presents MAE and RMSE metrics for the selected
machine learning models in their standard forms as well as
their TFLite versions. Meanwhile, Table 4 illustrates the im-
pact of the patching technique on the evaluation metrics for
the YOLO models. In both instances, the analysis is based
on the same dataset of 346 images captured at the university
restaurant entrance.

Table 3. Evaluation metrics from each machine learning model

Model MAE RMSE

YOLOv8n 8.78 14.30
YOLOv8n (TFLite) 8.77 14.18
YOLOv8x 7.63 13.38
YOLOv8x (TFLite) 7.75 13.56
EfficientDet D0 9.57 15.50
EfficientDet lite0 14.44 21.89
EfficientDet D4 8.44 14.47
EfficientDet lite4 13.02 20.05

Table 4. Evaluation metrics from each machine learning model
with patching technique

Model MAE RMSE

YOLOv8n with patching 3.77 6.19
YOLOv8n (TFLite) with patching 3.77 6.24
YOLOv8x with patching 3.24 5.26
YOLOv8x (TFLite) with patching 3.33 5.36

After applying the patching technique, we observed a sig-
nificant improvement in performance metrics. To explore
this impact further, Figure 3 displays the difference between
the predicted and actual number of people per photo, catego-
rized by time of day. The data show that photos are gener-
ally more crowded during lunch (11 AM to 2 PM) and din-
ner (5 PM to 7 PM) times, with smaller spikes during break-
fast (7 AM to 7:30 AM) and just before lunch (10 AM to
10:30 AM). These peak times are when machine learning al-
gorithms struggle the most, highlighting the difficulty of pre-
dicting the number of people in crowded scenarios. Finding
an inter-annotator agreement [Artstein, 2017] is a challenge
present in object detection problems, especially in highly
dense crowds.
Despite these challenges, various machine learning and

image processing techniques can enhance prediction accu-
racy. In this work, we utilize pre-trained models in combi-
nation with the patching technique described in Section 3.
By dividing the image into smaller blocks, the model can
focus on specific regions, improving its ability to identify
more individuals. This improvement is illustrated by the pur-
ple and blue lines in Figure 3. The red line indicates Ef-
ficientDet lite0 predictions, which was the worst evaluated
model. We found that using either the extra-large version of
the YOLOv8 model or the smallest version resulted in less
than a 1 percentage point difference inMAE andRMSE. This
suggests that the patching technique is more impactful than
simply opting for a more complex model.
As shown in Table 4, all YOLO models demonstrated im-

proved performance when using image patching. Notably,
the results with patching for both YOLOv8n and YOLOv8x
were very close, with an MAE difference of about 0.5, corre-
sponding to approximately 15%. This indicates that applying
patching can significantly enhance the accuracy of smaller
models, bringing their performance closer to that of larger
models while maintaining faster inference times.
We did not test patching on the EfficientDet models be-

cause they already exhibited time inefficiency during the in-
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Figure 3. True value of people and models predictions by datetime on a
typical day.

ference experiments without patching. However, we believe
that they would benefit from patching on a similar scale as
the YOLO models. Despite the potential accuracy gains, ap-
plying patching to the EfficientDet D4 model would increase
their inference times even further, making them even less
practical for real-time applications. One limitation found
in the proposed patching method is the intersection between
neighboring blocks, which can cause a person to be counted
more than one time. Despite this limitation, it was still worth
it to apply the technique.
Having a model that has good machine learning metrics is

not enough to deploy a smart city solution, so we also mea-
sured the devices’ performance. As the end users need to
know how many people are in the line for the restaurant, we
want the inference time to be at most two minutes, as this is
the current update time in the university’s app.
Table 5 shows results for inference time by each device,

while Figure 4 indicates a comparison between each model
and device. By analyzing the inference time, we observe the
impact of model size, with more complex models showing
substantially longer inference times compared to lighter mod-
els, as expected.
The Raspberry Pi 3B+’s time is comparable to the first

generation of TV Box, with superior performance for sim-
ple models and inferior performance for models that require
more than 1 GB of RAM. The inference time of the Rasp-
berry Pi 4B is comparable with the second generation of TV
Box. Furthermore, from the point of view of inference time,
the YOLOv8x is comparable with the EfficientDet D4. The
impact of using EfficientDet in the lite version is observed in
both versions, which shows the gains of reducing the model
size in RAM for edge devices [TensorFlow Lite Runtime,
2024]. For practical people-counting applications in smart
city solutions, inference time is often one of the most critical
variables.Therefore, optimizing models can lead to signifi-
cant practical benefits for edge devices with limited compu-
tational resources. The patching technique can be selectively
applied - used in combination with standard inference - to ac-
commodate fluctuating crowd densities. For instance, patch-
ing could be activated only during peak hours, when higher
accuracy is required.

Figure 4. Inference time for different models and devices.

For a more detailed understanding of device performance
during model inference, we examine the average CPU and
memory usage presented in Tables 6 and 7. In all cases, the
devices had sufficient resources to support the patching tech-
nique. The worst-case scenario was observed on the Rasp-
berry Pi 4B, running the YOLOv8x model with patching
applied. This resulted in an increase of nearly 10 percent-
age points in CPU usage, reaching a still acceptable level of
87.17%. RAM usage also increased in this scenario by ap-
proximately 200 MB, which remains within acceptable lim-
its given the device’s 2 GB of RAM.
When running the YOLOv8x model, the largest among

those tested, the Raspberry Pi 3B+ exhibited lower average
CPU usage compared to both the TVBoxGen 2 and the Rasp-
berry Pi 4B. This reduced CPU utilization can be attributed
to the Raspberry Pi 3B+’s limited RAM capacity, which re-
quires the use of swap memory and results in performance
stalls due to storage access delays. In contrast, the YOLOv8n
model is particularly appealing because of its low memory
requirements. In a smart city scenario, this efficiency means
that TV Boxes could perform additional tasks beyond run-
ning our application.
Of all the models tested, the best MAE and RMSE re-

sult was obtained by YOLOv8x with patching, closely fol-
lowed by the same model converted to TFLite, also with
patching. Considering applications that require results in less
than 120 seconds, this is not a practical model for all devices,
reaching 367 seconds at the Raspberry Pi 3B+ and 636 sec-
onds in the TV Box Gen 1. Using smaller versions such
as YOLOv8n showed to be a good option for applications
in which a shorter inference time is required while keeping
similar machine learning metrics. The performance obtained
by the YOLOv8n model stands out, with an MAE approxi-
mately 4% lower than the EfficientDet D4 model, but with
the inference time at least an order of magnitude lower, vary-
ing depending on the device used. Therefore, we verified that
the YOLOv8 models in the TFLite version have a higher in-
ference time performance than the EfficientDet models, also
in the TFLite version, on all devices tested.
Based on these results, we conclude that the TFLite ver-
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Table 5. Inference time in seconds by each device

Model TV Box Gen 1 TV Box Gen 2 Raspberry Pi 3B+ Raspberry Pi 4B
YOLOv8n - 1.11 ± 0.36 3.99 ± 1.31 0.86 ± 0.06
YOLOv8n (TFLite) 5.18 ± 0.04 0.38 ± 0.002 1.19 ± 0.03 0.53 ± 0.002
YOLOv8n with patching - 9.14 ± 0.03 19.05 ± 1.14 7.56 ± 0.31
YOLOv8n with patching (TFLite) 36.6 ± 0.54 2.51 ± 0.01 9.25 ± 0.17 3.0 ± 0.09
YOLOv8x - 19.03 ± 0.8 97.87 ± 21.06 12.63 ± 1.30
YOLOv8x (TFLite) 92.17 ± 0.89 9.93 ± 0.14 34.24 ± 0.84 18.08 ± 0.14
YOLOv8x with patching - 182.84 ± 0.71 367.98 ± 9.48 105.23 ± 2.79
YOLOv8x with patching (TFLite) 636.46 ± 7.91 65.02 ± 0.79 252.17 ± 1.0 110.55 ± 1.83
EfficientDet D0 7.14 ± 0.04 0.68 ± 0.004 1.91 ± 0.07 0.71 ± 0.002
EfficientDet lite0 0.66 ± 0.01 0.16 ± 0.001 0.54 ± 0.05 0.12 +- 0.002
EfficientDet D4 97.24 ± 0.49 10.23 ± 0.01 151.61 ± 7.18 7.71 ± 0.08
EfficientDet lite4 7.71 ± 0.08 1.98 ± 0.02 6.47 ± 0.09 1.37 ± 0.02

Table 6. Processing and Memory Usage at YOLOv8 Models Inferences
YOLOv8 Model Inferences

Model Metric TV Box Gen 1 TV Box Gen 2 Raspberry Pi 3B+ Raspberry Pi 4B
YOLOv8n CPU (%) - 56.11 44.89 54.70

Mem (MB) - 296.99 308.33 313.35
YOLOv8n CPU (%) 54.56 59.22 61.85 80.92
(TFLite) Mem (MB) 65.58 155.96 150.40 156.75
YOLOv8x CPU (%) - 82.20 37.36 76.81

Mem (MB) - 710.75 550.63 757.05
Swap (MB) - - 372.91 -

YOLOv8x CPU (%) 76.36 84.92 82.06 88.95
(TFLite) Mem (MB) 629.66 846.41 559.04 852.46

Swap (MB) - - 409.35 -

Table 7. Processing and Memory Usage at YOLOv8 Models Inferences with Patching
YOLOv8 Model Inferences with Patching

Model Metric TV Box Gen 1 TV Box Gen 2 Raspberry Pi 3B+ Raspberry Pi 4B
YOLOv8n CPU (%) - 65.58 74.49 80.59

Mem (MB) - 339.82 321.91 324.07
YOLOv8n CPU (%) 54.72 59.24 72.00 75.30
(TFLite) Mem (MB) 92.34 192.05 203.94 205.27
YOLOv8x CPU (%) - 82.82 73.55 87.17

Mem (MB) - 836.27 496.98 957.59
Swap (MB) - - 712.89 -

YOLOv8x CPU (%) 74.57 83.94 81.01 88.67
(TFLite) Mem (MB) 409.74 627.89 597.90 651.06

Swap (MB) - - 219.99 -

sion of YOLOv8n with patching offers the best balance be-
tweenmachine learning performancemetrics, inference time,
CPUusage, andmemory consumption. The patchingmethod
could reach a MAE of 3.77 and a RMSE of 6.24, while con-
verting the model to TFLite version decreased memory allo-
cation and CPU Usage. In addition, it could work for ARM
based processors with 32-bit or 64-bit architecture.

6 Conclusions

In this work we explored the feasibility of repurposing TV
Boxes for people counting application with crowded scenar-
ios. We tested different models from the YOLOv8 and Ef-
ficientDet families on two configurations of TV Boxes and

two mini-computers commonly used in IoT projects. The re-
sults demonstrate that the considered TV Boxes are capable
of running one of themost recent state-of-the-art object detec-
tionmodels, YOLOv8, delivering good performance without
exhausting the device’s computational resources and with ac-
ceptable inference times for the application.
The models were evaluated using Pytorch, TensorFlow

and TensorFlow Lite Runtime for inference. The use of
TensorFlow Lite resulted in a significant reduction in pro-
cessing time, with only a minimal penalty in detection per-
formance. Among the two families of models tested, the
YOLOv8 models exhibited better performance relative to
inference time, making them our preferred choice for de-
ployment on resource-constrained edge devices in people-
counting applications.
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To address the increased counting error observed in im-
ages with a higher number of people, we applied an im-
age patching technique to the YOLO models and evaluated
it using both the Pytorch and TensorFlow Lite frameworks.
This approach involved dividing input images into smaller
patches, allowing the models to focus on smaller regions
and improving detection accuracy. The results showed that
the patching technique systematically resulted in betterMAE
and RMSE, especially in more crowded images. This indi-
cates that image patching effectivelymitigates the limitations
of the models in detecting larger numbers of people, which is
crucial for applications where the accuracy of absolute count-
ing is critical.
Finally, our findings highlight that even devices with older

processors, such as the first-generation TV Boxes tested, can
be utilized as edge devices even with additional image pro-
cessing techniques, provided that their limitations, primarily
due to 32-bit processors, are taken into account. In such sce-
narios, the use of the TensorFlow Lite Runtime is mandatory
for the inference, as the full version of TensorFlow and Py-
Torch are not supported. While this could pose challenges
for on-device model training, it can be circumvented for
inference-only use, with the added benefit of lower RAM us-
age due to the 32-bit operating system.
From a general perspective, the YOLOv8n model with

patching, converted to the TFLite format, presents a suitable
option for all tested edge devices, offering a balanced trade-
off between resource consumption and accuracy—achieving
a Mean Absolute Error (MAE) of 3.77 on a custom people-
counting dataset. This finding is particularly relevant for
resource-constrained devices such as TV boxes. However,
conclusions may differ in scenarios where greater compu-
tational resources are available. In non-edge-based sys-
tems, deploying more complex models such as the standard
YOLOv8x may be worthwhile, as discussed in a similar ap-
plication by [da Luz et al., 2024]. Nonetheless, as shown
in Table 5, applying patching to YOLOv8n consistently re-
sulted in faster inference times than using the non-patched
YOLOv8x across all evaluated devices.
As future work, newest versions of YOLO and also Trans-

formers based real time models [Huang et al., 2024; Peng
et al., 2024] can be used and compared with the YOLOv8. A
comparison between finetuned models and different image
processing techniques can be done to assess their impact in
crowded datasets. We also aim to use other patching tech-
niques that allow more parameters to deal with overlapping
regions and reduce MAE even more.
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