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Abstract: Object detection is a fundamental task in computer vision with applications ranging
from autonomous driving to industrial automation and medical imaging. This report presents
a comparative analysis of six well-known object detection models: three small models for edge
computing and three large models likely more suited for usage on high-performance systems.
The models YOLOv10-Nano, MobileNetV3-SSDLite, EfficientDet-D0, Faster R-CNN, YOLOv10-
Large, and DETR were evaluated and compared based on their performance in terms of infer-
ence speed, accuracy, and computational efficiency. The evaluation is conducted through both
literature-based benchmarks and empirical tests on two different systems: an Apple Silicon M1
Pro-based system and an NVIDIA RTX 3080Ti-powered computer. Results show that YOLOv10
models consistently outperform the other models in real-time object detection as well as achieving
superior accuracy in general while maintaining significantly lower inference times. The analysis
further highlights compatibility issues with certain hardware, particularly focusing on PyTorch’s
MPS backend on Apple Silicon, which leads to serious performance drops in some models. The
findings highlight the importance of choosing the right model and appropriate hardware for spe-
cific application scenarios.

Keywords: object detection; model benchmarking; inference efficiency, hardware-aware evaluation.

1. INTRODUCTION

Object detection has become one of the most important tasks in computer vision, with
applications ranging from autonomous driving to medical imaging and automation in
industrial facilities. While some use cases allow for complex object detection models with
high computational demands, others are constrained by limited system capabilities (edge
computing or mobile devices), requiring more efficient solutions.

Over the last years, multiple object detection models have been developed and evolved,
each having unique advantages and tradeofts. These can be speed, accuracy, and compu-
tational cost. Besides common CNN-based architectures like YOLO and Faster R-CNN,
which have been the most obvious choice for most problems in recent years, new Trans-
former-based models such as DETR (DEtection TRansformer) were developed to improve
object detection in complex scenes.
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In the scope of this comparative analysis, six well-known object detection models —
YOLOv10nano, MobileNetV3-SSD Lite, EfficientDet-D0, Faster R-CNN, YOLOv8-large,
and DETR - will be evaluated to determine their suitability for various applications. This
will be done by comparing performance metrics like inference speed, accuracy, computa-
tional efficiency, and their applicability in edge or high-performance environments.

The primary aim of this work is to give insights into how these models perform under
various constraints, such as limited computational power compared to high-performance
setups. In addition to that, it will be highlighted whether Transformer-based models like
DETR can compete with or surpass more traditional CNN-based approaches. The paper
aims to provide information on which model is best for certain use cases, keeping metrics
like accuracy, computational demand, and speed in mind.

2. MODEL OVERVIEW
2.1. YOLO

For this work, two sub models of the YOLO-model (You Only Look Once) were used. In
fact, the chosen models are based on the tenth generation of YOLO, which is the result
of improvements in performance over the years. The following subsection will give an
insight into the general function of earlier YOLO models as well as YOLOV10.

2.1.1. YOLO - Basic Functionality

As a single-stage model, YOLO processes the entire image in one step, simultaneously
predicting class labels and bounding boxes. This sets it apart from other models that use
a two-stage approach (like Faster R-CNN, which is explained later), which works by pro-
posing regions and then classifying an object separately [1, 42].

The model divides an input image into a grid of S x S dimensions, where each grid cell is
detecting if an object lies within that cell. Each cell then predicts a set number of bound-
ing boxes, which are described by coordinates (x, y, w, h), representing the position of
the bounding box as well as its dimensions relative to the image size [2]. Those bounding
boxes are then getting assigned a confidence score, which combines the probability of an
object being present and the accuracy of the bounding box. This accuracy is measured by
Intersection over Union (IoU). In addition to that, the network also predicts class proba-
bilities to identify the detected object [2].

After calculating all confidence scores and bounding boxes, a threshold is applied to filter
out predictions with low confidence. In previous YOLO versions (v1-v8), the Non-Maxi-
mum Suppression (NMS) was used to remove needless bounding boxes by only selecting
the ones with the highest confidence scores while preventing keeping strongly overlapping
boxes based on the Intersection over Union metric [3, 42].

With the introduction of YOLOv10, NMS was dropped to further increase computational
efficiency. This was done by optimizing processes during training, which allows the model
to learn to predict only the most accurate bounding boxes directly [4]. For final detection
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(classification and locating the bounding boxes), three different CNNs are used. They are
optimized to detect large, medium, and small objects in an image [6]. The general archi-
tecture of YOLOV10 is shown in Figure 1.

|
13 caAciB 512
A
1o Cor;cat o YOLOv10-Large
A -,
11 Upsample @
A j
— 10 | PSA 10
0} A I
09 SPPE w1 (® C2CIB ' - 37 > High-Level Detection
; A i A
s cacle ¥ | A Concat M 2
A | A
07 SCDown 1% ; SCDown 32 9
. . L ——
06 . cof C2fCIB 2 .49 l-p  Mid-Level Detection
i A
E:ﬁz 05 SCDown °%? 4 Concat °?  4p
A A
04 cof Conv ** 47
A A
03 Conv (@ C2f %% 6L Low-Level Detection
A A
02 GoE B Concat 2* 15
A A
01 Conv ' Upsample 14
A
— 00 Cony Cor'® 4T

i

r ———

Figure 1. Architecture of YOLOv10. Adapted from [7].

2.2. Faster R-CNN - Basic Functionality

Other than YOLO, Faster R-CNN (FRCNN) is a two-stage object detection model, which
separates the process of localizing objects and classifying them. To achieve this, FRCNN
utilizes a Region Proposal Network (RPN), which is responsible for accurately predicting
the regions where objects are likely to be present. These region proposals are then used to
generate bounding boxes. The second stage of the pipeline classifies the object within the
identified region and refines the bounding box for more precise localization [8]. In detail,
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the model processes an input image through a CNN backbone (in this case, ResNet-101)
to extract feature maps. These feature maps are passed into the RPN, which generates
region proposals that likely contain objects. Similar to earlier YOLO models, the RPN
assigns anchor boxes to different locations in the image and predicts whether each anchor
contains an object or not. The bounding boxes are further refined to better frame the de-
tected object [8].

Once the RPN generates a set of region proposals, they undergo Region of Interest (Rol)
Pooling, which ensures that all proposals are transformed into a fixed-size feature rep-
resentation. These feature maps serve as the input for a fully connected layer, which per-
forms object classification and further adjusts the bounding box for more precise locali-
zation [9].

After object classification and bounding box refinement, a confidence threshold is applied
to filter out low-confidence predictions. To avoid multiple overlapping bounding boxes
for the same object, Non-Maximum Suppression (NMS), as described in the previous
chapter, is applied [8]. Figure 2 shows a rough depiction of the Faster R-CNN model.
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Figure 2. Basic Architecture of Faster R-CNN. Adjusted from [10].

2.3. MobileNetV3 - Basic Functionality

The MobileNetV3 model that was chosen for this work is the SSDlite320 Mobile-
NetV3-Large. It is a lightweight object detection architecture that combines the Mobile-
NetV-Large backbone with the so-called Single Shot MultiBox Detector (SSD) framework.
This setup was designed to deliver high-performance object detection suitable for mobile
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and embedded systems. MobileNetV3 is a convolutional neural network architecture that
is optimized for mobile applications. It uses different techniques to balance accuracy and
latency effectively. The “Large” variant is adapted for scenarios requiring higher accura-
cy while remaining computationally efficient [11]. The SSD makes the combined model
a single-stage object detector like YOLO. It does not rely on a separate RPN to propose
regions. Instead, the SSD predicts object classes and bounding boxes directly from the
feature maps extracted from the MobileNetV3 CNN [12, 13].

2.4. EfficientDet-D0 - Basic Functionality

EfficientDet-DO0 is also an efficient, lightweight object detection model. Like other mod-
els of its kind, it aims to optimize the trade-off between accuracy and computational ef-
ficiency to make it suitable for mobile applications. Unlike traditional object detection
architectures that scale only in depth or width, EfficientDet-D0 uses compound scaling,
which scales the backbone network, the feature fusion layers, and the prediction heads to
improve overall efficiency [14]. EfficientDet combines a classic CNN architecture with a
Bidirectional Feature Pyramid Network (BiFPN) to efficiently fuse multi-scale features.
This way the feature extraction as well as the prediction heads are optimized, which pro-
vides a balanced trade-oft between computational cost and accuracy. [14] Figure 3 shows
a simplified version of the EfficientDet network, which utilizes the EfficientNet backbone
(CNN) and extracts features from multiple layers to feed them into the BiFPN. The output
of the BiFPN is then used as input for two fully connected layers for class prediction and
box prediction [14].
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Figure 3. Architecture of EffiecientDet-DO0. Adjusted from [15].
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2.5. DETR - Basic Functionality

Contrary to the models described before, the DETR (DEtection TRansformer), as the
name states, uses a Transformer architecture to interpret features extracted by a CNN.
Like Faster R-CNN, the backbone used to extract features from input images is typically
ResNet-50 or ResNet-101. The generated feature maps are used as input for the Transform-
er Encoder. The Transformer Encoder processes the extracted feature maps and learns
long-range dependencies between different regions of the image. Unlike other models
that generate a fixed or dynamic number of regional proposals or divide the image into
a grid, like YOLO does, DETR uses a fixed number of learnable object queries. Each of
those queries represents a potential object in the image, even if some queries remain un-
used since no object is detected. Those queries are in general tensors with n dimensions,
which are initialized randomly and then are optimized during the training phase of the
model. There could be, for example, 100 query tensors, which all search for a different ob-
ject in the feature map (the amount of object queries determines the number of detectable
objects). These queries are processed by the Transformer Decoder, which relates them to
the encoded feature map. Since each query focuses on a specific region in the image, the
model is able to determine the location of an object and its class. The final predictions are
technically done by using two separate prediction heads in the form of two different fully
connected layers to determine the class and the bounding box of the object [16, 17, 5].
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Figure 4. Encoder-Decoder Architecture of DETR. Adapted from [18].
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3. METHODS
3.1. Comparison of the Models Based on Existing Evaluation Data

The first comparison was made by choosing three low-size and high-speed as well as three
high-size and relatively low-speed models, which still can be used for real-time processing.
Chosen were popular models that are widely used in the realm of object detection. The six
models that were described in the previous chapter were then compared based on their
number of parameters, their computational cost in FLOPS (Floating Point Operations per
Second), the model size in terms of storage demand, the inference time in milliseconds,
and the accuracy based on the mAP@0.5:0.95 (Mean Average Precision across the defined
range of Intersection over Union, detailed explanation in the chapter “Explanation of the
Mean Average Precision”). The models were compared overall and with respect to their
respective aim (separated by small and large models).

The information about the researched models was taken from different sources, since
there is no comparison between all of them. This means that the evaluation results for
each model were probably obtained on a different system. To still provide useful insight,
it was made sure that all models were trained and evaluated based on the 2017 COCO
dataset [19].

3.2. Testing the Models on Different Systems

To give an insight into the performance of the tested models when run on systems that are
more likely to be found in a real-word application, the performance in terms of inference
time was measured on two different devices. The computers used were chosen because of
their availability while conducting this work.

The first system was an Apple MacBook Pro with an ARM64-based M1 Pro chip. This chip
consists of 8 performance and 2 efficiency CPU cores working at 2.06-3.22 GHz as well
as 16 GPU cores. The system uses a unified memory of 16 GB [20]. In addition to that,
the chip inherits a 16-core Apple Neural Engine, which is technically an NPU (Neural
Processing Unit), which is optimized for convolutions and matrix multiplications (tensor
operations). However, the latter was not used since the tested models were all based on
the PyTorch framework, which does not support the ANE (Apple Neural Engine). To still
run the models efficiently, Apple’s MPS (Metal Performance Shaders) API was used to
run them on the GPU. PyTorch contained MPS backend support since version 1.12 while
still being unable to offer the same functionality as other APIs, which results in poorer
performance [21].

As a second test system, a more “standard” tower PC was used. It operates on the more
common 64-bit x64-CPU-architecture. The CPU was an Intel Core i7 12700k with a total
of 12 cores (8 performance, 4 efficiency) running at 3.6-4.9 and 2.7-3.8 GHz [22]. The
system memory consisted of 32 GB DDR4 at 4000 MHz. These specifications were only
included in this description to be precise and transparent. Their influence would be mar-
ginal since the models were run exclusively on the GPU. The used GPU was an NVIDIA
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GeForce RTX 3080Ti with 12 GB of video memory and 10240 CUDA Cores, which makes
it very suitable for AT and ML related tensor/matrix calculations [23].

The two systems differ significantly in their intended application purpose, as one is op-
timized for low energy consumption mobile use and the other is set up for energy-in-
tensive, high-performance operation. This comparison was done to show how insightful
commonly available information on the performance of object detection models really
is, since most systems are not able to match the performance of benchmark systems. This
comparison aimed to show how much the inference times actually differ from the pro-
posed benchmark values generated with high-end systems if less powerful hardware is
used. In addition to that, this was intended to also highlight possible compatibility issues
with certain hardware, which could cause an object detection model to become unusable
on a device.

3.3. Description of the Mean Average Precision

The mean Average Precision as introduced in the COCO benchmark [43] was used to
evaluate the performance of the models in terms of box prediction and object-classifica-
tion accuracy. This chapter will describe how the mAP is calculated and which subtypes
are commonly used to evaluate object-detection models. In general, the mAP is depend-
ent on the Intersection over Unit, which is then used to calculate the share of correctly de-
tected boxes based on precision and recall. It is used as a metric to describe the robustness
of an object-detection model.

3.3.1. Intersection Over Unit (IoU)

The IoU describes the accuracy of a predicted bounding box relative to the actual box
(Ground Truth). This is calculated by dividing the area of overlap between the predicted
and the actual box by the area of their union [24]. This can be mathematically described as:
_14nBl _ Il
~lausl Ul

fall

Iwhere:
o IoU is the intersection over unit,
o A is the area of the first box,
« B is the area of the second box.

The expected result is a number between zero and one, with higher values showing a
higher overlap and therefore a better result. A graphical example can be seen in Figure 5.
Precision and Recall are used to describe the portion of correctly predicted boxes relative
to the total number of predictions and to describe the portion of correctly predicted boxes
relative to the total number of existing boxes.
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Figure 5. Example - IoU Bounding Boxes. Adjusted from [25].

3.3.2. Calculation of the mAP

As mentioned in the introduction to this chapter, there are multiple versions of the mAP.
In general, the AP (Average Precision) is the area under the precision-recall curve. Earlier
object detection models were evaluated using the mAP@0.5 metric, where a bounding
box is rated as true positive if the IoU is equal to or larger than the threshold of 0.5. The
downside of a fixed threshold of 0.5 is that it evaluates rather poor predictions as true pos-
itives, even if the bounding box is relatively far off. To get a more robust way of evaluating
the performance of an object-detection model, the mAP@0.5:0.95 is used. It describes the
mean Average Precision over a range of 10 thresholds between 0.5 and 0.95. This shows
not only the model’s capability of detecting an object, but it also gives insight into the abil-
ity to find accurate bounding boxes [26].

The final equations used to calculate the mAP@0.5 and the mAP@0.5:0.95 are shown in
Equation 2 and Equation 3.

To make the comparison between the six selected models, only the mAP@0.5:95 was cho-
sen as the accuracy metric since it provides the more meaningful insight. This method is
currently the most used for the evaluation of object-detection models, often as a bench-
mark metric after training and evaluation with the COCO data set [27]. Therefore, the
mAP@0.5 was not used as a metric for the comparison conducted for this paper.

2where:
« mAP@0.5 is the mean Average Precision at an IoU threshold of 0.5,
« N is the total number of object classes,
« AP @0.5 is the Average Precision for class c at an IoU threshold of 0.5.
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3where:

« mAP@0.5:0.95 is the mean Average Precision, averaged over 10 IoU thresholds from
0.5 to 0.95 in steps of 0.05,

o N is the total number of object classes,

+ AP (IoU,) is the Average Precision for class c at a specific IoU threshold IoU,,

* k represents the index for the JoU thresholds, where IoU,€10.5, 0.55, 0.6, ..., 0.95},
. |_ln. ensures the average over the 10 JoU thresholds.

4. RESULTS
4.1. Comparison Results Based on Available Evaluation Data

Comparing the models based on already available data first of all shows the clear differ-
ences in light models for edge computing and heavy models for high-performance appli-
cations. One of the key factors is the size of the model in terms of parameters and total file
size. The small models range from 2.3 to 3.9 million parameters, while the large models
have around ten times as many. The small models, namely the YOLOv10-Nano, the Mo-
bileNetV3-SSDLite, and the EfficientDet-D0, are showing the typical trade-off between
low computational demand, low inference, and reasonable accuracy. YOLOv10-Nano has
the lowest inference time of all models, with the highest accuracy of the smaller models
based on the mAP@0.5:0.95, while requiring more FLOPS than other fast models. This
seems counterintuitive since more FLOPS mean more calculations, which should increase
the inference time. In the specific case of YOLOV10, this seems not to be an issue. This is
because YOLOV10’s architecture is highly optimized for parallel calculations on modern
hardware platforms, which makes it faster than other models with less computational de-
mand in terms of FLOPS [2]. For the large models where Faster R-CNN, YOLOv10-Large,
and DETR were compared, it is also noticeable that YOLOvV10 outperforms its compet-
itors in terms of speed, accuracy, and memory demand. In this particular case, even the
computational demand is with around 120 GFLOPS lower than that of Faster R-CNN and
DETR, with 134 and 180 GFLOPS. The YOLOv10-Large model is by far the most accurate
of all six models, outperforming the second best (DETR) by roughly ten percent points
(53.3 % vs 42 %). Even the YOLOvV10-Nano model outperforms every compared model
excluding the DETR and YOLOv10-Large at around 39.5 % accuracy.

Based on the provided data, YOLOv10-Nano is the best small model for edge computing
and mobile applications. It is by far the fastest model, provides the highest accuracy, and
has the smallest memory demand, which makes it more suitable for devices with limited
memory.

The result for the large models is similar. YOLOv10-Large outperforms Faster R-CNN
and DETR in every point. It is faster, more accurate and needs less memory as well as less
computational power. In terms of real-time detection capabilities, it even competes with
the small models, having an inference of around 7.28 ms.

To conclude the data interpretation, it is apparent that the YOLOv10 models are at the
moment the best choice to solve object detection problems, especially when it comes to
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real-time detection. Both the Nano and the Large model outperform their competitors in
almost every metric, which leads to the stated conclusion.

The comparison data in Table 1 was obtained from the following sources: [4, 28, 29, 30,
31, 32, 33, and 34]. The table was also divided into small models and large models, as can
be observed.

Table 1. Comparison of Object Detection Models.

Model Params FLOPs | Size In%flellgce Accuracy
(Million) | (GFLOPs) | (MB) (ms) (mAP@0.5:0.95)

YOLOv10-Nano 2.3 6.7 4 1.56 39.5%
MobileNetV3-SSDLite 3.9 0.55 5 3.5 39 %

EfficientDet-DO0 3.9 2.54 16 3.92 34.6 %
FaSterI\ifllgll\I) (Res- 418 1344 | 160 54 37 %

YOLOvVI10-Large 244 120.3 100 7.28 53.3%
DETR (ResNet-50) 41.6 180 159 36 42 %

Rounded values

4.2. Performance Results on Different Systems

Running the models on the two selected systems resulted in the inference times displayed
in Table 2. Like before, the table is split into small and large models. Looking at the M1 Pro
results for the small models - YOLOv10-Nano, MobileNetV3-SSDLite, EfficientDet-DO0 -
a very large discrepancy in inference times becomes apparent. The YOLO-Nano model is
by far the fastest of the three, with an average inference time of around 17 ms, while the
EfficientDet-D0 model comes second with an average inference of 70 ms. The third small
model, however, did not perform well at all, processing the images with an average infer-
ence of roughly 760 ms, which is significantly worse than the other two models.

Looking at the M1 Pro results for the large models — Faster R-CNN, YOLOv10-Large,
DETR — the Large YOLO model also shows the best average inference, with around
37 ms. DETR performed well for a large model at 140 ms. Faster R-CNN, however,
performed so significantly badly that it can be deemed unusable on this platform. It has
an average inference of circa 100,000 ms, which is extremely high. The reason for this
behavior will be discussed in detail, since it highlights a significant flaw of using PyTorch
models on some devices.

Coming to the results generated with the RTX 3080Ti and first looking at the performance
of the small models, each can be evaluated as working properly. The YOLOv10-Nano —
like on the M1 Pro — performed the best with a noticeable lead over the other two models.
With an average inference of ~3.5 ms, it runs more than seven times faster than MobileN-
et with ~25 ms and almost six times faster than EfficientDet with ~20 ms inference.

The results for the large models run on the 3080Ti show that YOLOv10-Large also per-
formed the best in terms of speed. It only needed roughly 7.3 ms to process an image, while
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Faster R-CNN needed 36 ms and DETR 26.5 ms on average. This time, Faster R-CNN
worked as intended and performed rather well compared to the test on the M1 Pro.

Concluding the results of the system comparison, it is possible to say that in terms of speed,
both YOLO-models outperformed all other four models regardless of being compared to
the small or large ones. This is especially interesting since YOLOv10-Large not only out-
performs MobileNet and EfficientDet at raw speed, it also tremendously outperforms them
in terms of accuracy, as can be seen in Table 1. The results reinforce the statement that, out
of the compared models, YOLOvVI10 currently seems to be the best choice for small and
large models in terms of speed or, more precisely, for real-time object detection.

Table 2. Average Inference Times on M1 Pro and Nvidia RTX 30807Ti.

Model Apple Silicon M1 Pro Nvidia RTX 3080Ti
YOLOvV10-Nano 17 3.5
MobileNetV3-SSDLite 760 25
EfficientDet-D0 70 20
Faster R-CNN (ResNet-101) 100000 36
YOLOvV10-Large 37 7.3
DETR (ResNet-50) 140 26.5

Average values in milliseconds

5. DISCUSSION
5.1. Interpretation of the Results

If it comes to real-time object detection, out of the tested models there is currently no bet-
ter choice than YOLOV10+ (v10 or newer). This is due to its described lightweight archi-
tecture with vast optimizations to allow for fast calculations resulting in very low inference
times while providing benchmark setting accuracy.

Looking a bit further and taking more models into account which were not compared in
this paper, depending on the task there are serious competitors for YOLOvV10 and newer
versions. For real-time detection one alternative would be RTDETR (Real-Time DEtec-
tion TRansformer) which offers comparable performance. It could be further researched,
if this model even has some distinct advantages over YOLO [35].

To not give the impression that YOLOv10+ is always the best choice, it does not set the bar
when it comes to high-precision-detection models and zero-shot object detection models.
In the realm of high precision models YOLOv10+ can be used but there are better alter-
natives, namely Co-DETR (Check out DETR) and DETA (Detection Transformers with
Assignment) [36]. Both models provide an mAP@0.5:0.95 higher than 62 [36]. Regarding
zero-shot object detection (detection objects without being explicitly trained on those
classes) there are significantly better models than YOLOv10+. If such a problem must be
solved, Grounding Dino 1.5 Pro or OWLv2 should be taken as possible alternatives [36].
As always, it should be researched which model would provide the best performance in
terms of accuracy and speed for a specific task.
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5.2. Compatibility and Performance Issues

Looking at the Results chapter, and especially at the results for the average inference times
of the M1 Pro tests, the bad results for the MobileNet and Faster R-CNN tests should raise
some questions. The first should be why the inference times are significantly higher than
expected and why it only happened on the M1 Pro and not on the RTX 3080Ti.

As already mentioned before, there is MPS backend support in PyTorch. Unfortunately,
there are still some undisclosed issues where some operations are not yet implemented
using MPS. If this happens and the CPU fallback (utilizing the CPU instead of the GPU)
does not work, it could result in such high inference times as observed in the case of Fast-
er R-CNN. These problems are widely reported and will probably be solved in the future
[37, 21]. One possible alternative would be to search for TensorFlow-based models, as the
MPS backend support of TF is more refined than that of PyTorch since it is not in the beta
phase anymore [21, 38].

Issues like this are less likely to occur on NVIDIA GPUs, as most machine learning frame-
works are built around NVIDIAs CUDA (Compute Unified Device Architecture) API [39,
40]. Deploying AI models in Edge Computing across different hardware and software
ecosystems can impose new hurdles that need to be recognized and overcome. Model
size, computational demand, and format can be some of them, especially when running
Al models on not optimized platforms like Raspberry Pi, Arduino, or STM32, since they
do not have hardware acceleration or suitable processors at all. Luckily there are some
specially developed Edge Computing solutions like NVIDIA Jetson, which, for example,
supports CUDA, PyTorch and is optimized for deep learning, using special Tensor-Core
GPUs or ARM-based chips [41]. Finally, it is always necessary to choose the right model
for the right task and to make sure that the system used does support such a model, as the
conducted tests showed.

6. CONCLUSION

The comparison showed that out of the selected models, YOLOv10 performed the best
with regard to every metric. That goes for the Nano version in the realm of small models
and for the large version regarding the other tested large models. Additional to this, an
inference test and comparison showed how high the inference is likely to be if the models
are run on more standard devices and not on high-end benchmark systems. It was proved
that some of the models provided very satisfying performance in terms of accuracy and
speed on a low-energy-consumption laptop and a relatively high-end computer. If run on
powerful hardware, all tested models could be used for real time-object detection with
acceptable inference times or frames per second. If run on a lower performance system,
only the YOLO models and - with significantly less performance - the EfficientDet-D0
could be used for real-time detection. The issues regarding the use of PyTorch with the
Apple MPS API made it obvious that not every model is suited for every device, even if the
technical specifications match on the first glance.

To finish this paper, it should be mentioned that object detection models are still evolving
fast, and the insights gained in the scope of this work might be obsolete in just a matter
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of time. Also worth mentioning is the diverse use of different approaches to solve quite
similar problems, which leaves room for improvement and new ideas.
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