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Abstract—Real-time multi-class object detection on embedded 

devices poses significant challenges due to limited computational 

power, memory capacity, and energy efficiency requirements. 

Conventional high-precision object detectors, such as YOLOv11, 

deliver outstanding accuracy but are computationally intensive, 

making them unsuitable for deployment on resource-constrained 

hardware. This study presents a quantized implementation of the 

YOLOv11 model designed to enable efficient real-time inference 

on embedded platforms. The proposed approach applies post-

training integer quantization and mixed-precision optimization 

to minimize computation and memory usage while maintaining 

detection accuracy across multiple object categories. 

Experimental evaluations were conducted on the COCO and 

Pascal VOC datasets. The results indicate that the quantized 

YOLOv11 achieves a 3.2× increase in inference speed, a 2.7× 

reduction in memory footprint, and a 35% improvement in 

energy efficiency, with less than 2% loss in mean Average 

Precision (mAP) compared to the full-precision baseline. The 

optimized model sustains real-time performance exceeding 45 

frames per second (FPS), demonstrating that quantization is a 

viable and effective approach for deploying high-performance 

object detection models on embedded systems. 
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I. INTRODUCTION 

The growing integration of intelligent vision systems into 
autonomous drones, surveillance networks, and Internet of 
Things (IoT) applications has increased the demand for real-
time on-device object detection [1, 2]. Deploying inference 
directly on embedded devices reduces dependence on cloud 
infrastructure, thereby lowering latency, improving data 
privacy, and enabling continuous operation in bandwidth-
limited environments. However, these devices typically feature 
limited computational resources, constrained memory, and 
strict power budgets. Traditional high-precision deep learning 
models, though highly accurate, are unsuitable for such 
hardware due to their intensive floating-point computations and 
large model sizes [3, 4]. Therefore, developing efficient and 
compact neural networks capable of real-time performance 
remains a significant research challenge in embedded artificial 
intelligence. 

Object detection plays a vital role in computer vision tasks 
such as autonomous navigation, industrial inspection, and 
human-computer interaction [5]. Among the most prominent 
detectors, the You Only Look Once (YOLO) family has 
evolved rapidly from YOLOv1 to YOLOv11, introducing 

architectural innovations that enhance accuracy while 
maintaining high inference speed [6, 7, 8]. YOLOv11, the 
latest in this series, integrates improved feature fusion and 
efficient attention mechanisms for multi-scale detection. 
Despite these advances, high-precision YOLO models are 
computationally demanding, posing difficulties for deployment 
on low-power devices [9, 10]. 

Quantization has emerged as a promising technique to 
mitigate this limitation. By representing model parameters and 
activations using reduced numerical precision (e.g., 8-bit 
integers instead of 32-bit floats), quantization reduces memory 
footprint, bandwidth usage, and computational complexity [11, 
12, 13]. This process allows models to run efficiently on 
specialized embedded accelerators such as NVIDIA TensorRT 
[14], TensorFlow Lite [15], and ONNX [16] Runtime backends 
while maintaining near-original accuracy. 

 Although previous research has explored quantization in 
deep neural networks, few studies have specifically examined 
its application to the YOLOv11 architecture for multi-class 
object detection on embedded devices. Existing approaches 
often exhibit significant accuracy degradation or lack 
optimization for hardware-specific accelerators. Furthermore, 
systematic evaluations of quantization trade-offs covering 
inference speed, energy efficiency, and accuracy across bit-
width configurations remain limited [17, 18]. These gaps 
highlight the necessity for a comprehensive framework that 
integrates advanced quantization strategies with modern 
YOLO architectures to achieve real-time performance on 
constrained hardware. 

 To address these challenges, this study proposes an 
optimized quantized YOLOv11 framework for efficient multi-
class object detection on embedded devices. The key 
contributions are as follows: 

• Design and implementation of a quantized YOLOv11 
model tailored for embedded GPUs and NPUs, enabling 
low-latency and energy-efficient inference. 

• Evaluation of precision speed trade-offs across multiple 
quantization bit-widths to identify the optimal balance 
between accuracy and performance. 

• Comprehensive experimental validation on benchmark 
datasets, including COCO [19] and Pascal VOC [20]. 

The remaining sections of the study are organized as 
follows: Section II reviews related work, Section III discusses 
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the proposed approach, Section IV presents the experimental 
results and discussion, and Section V concludes the study. 

II. RELATED WORK 

This section reviews prior work relevant to object detection 
architectures with emphasis on the YOLO family, quantization 
techniques for neural networks, and optimization strategies for 
embedded inference, as illustrated in Table I. It concludes with 
a gap analysis that motivates the present study. 

 Alshammry, Nizal, et al. [21] present a method to optimize 
the YOLOv5m object detection model for deployment on 
resource-constrained embedded systems. Q_YOLOv5m is a 
quantized version of YOLOv5m that uses Quantization-Aware 
Training (QAT) and Post-Training Quantization (PTQ) to 
reduce computational complexity and memory usage while 
maintaining acceptable detection accuracy. By converting 32-
bit floating-point weights and activations to 8-bit integers, the 
model achieves a smaller size and faster inference speed. 
Experiments using the COCO 128 dataset showed that 
Q_YOLOv5m decreased model size from 90 MB to 40 MB 
and improved inference speed from 12 ms to 8.5 ms per frame, 
with only minor losses in precision and recall. The authors 
used COCO-128, a tiny subset (128 images) of the full MS 
COCO dataset. This is insufficient to evaluate object detection 
models, especially for accuracy comparisons. There is no 
mention of the specific embedded hardware used for inference 
testing (e.g., Raspberry Pi, Jetson Nano, ARM MCU). 

 Guerrouj, Fatima Zahra, et al. [22] investigate the 
quantization of the YOLOv4 object detection model to enable 
real-time inference on resource-constrained. By applying 
TensorRT-based post-training quantization (FP16 and INT8), 
the study significantly reduces model size and computation 
requirements while maintaining competitive detection 
accuracy. Using the KITTI dataset, experiments demonstrate 
that INT8 quantization achieves up to a 65% reduction in 
model size and a fivefold increase in inference speed on Jetson 

Nano, reaching near real-time performance with minimal 
accuracy loss. The study highlights the trade-offs between 
accuracy and efficiency, concluding that quantization offers a 
practical solution for deploying deep learning models on 
lightweight edge devices, with future work focusing on 
quantization-aware training and adaptive precision strategies. 

   Moon, Hyeon-Cheol, et al. [23] introduce YOLOv6+, an 
enhanced version of YOLOv6 designed for efficient INT8 
inference on low-power mobile platforms. The model improves 
quantization performance through two key innovations: 1) 
adding skip connections within re-parameterization blocks 
(Repblock_add) to reduce dynamic range and quantization 
error, and 2) proposing a Regression Normalization (RN) 
method to align bounding box and class prediction ranges, 
mitigating accuracy loss during TensorFlow Lite conversion. 
Experiments on the COCO 2017 dataset demonstrate that 
YOLOv6+ achieves higher mean average precision (mAP) and 
better quantization robustness than YOLOv6 and YOLOv8, 
while maintaining comparable inference speed and lower 
power consumption on mobile hardware.  The experiments are 
limited to the COCO 2017 dataset and a single mobile device. 
Broader validation across datasets (e.g., VOC) or hardware 
(e.g., NVIDIA Jetson) would strengthen generalizability 
claims. 

Moosmann, Julian, et al. [24] introduce TinyissimoYOLO, 
a quantized, memory-efficient, and ultra-lightweight object 
detection network designed to enable real-time object detection 
on low-power microcontrollers with less than 0.5 MB memory 
available for storing CNN weights. The network is trained 
using quantization-aware training on the WiderFace and Pascal 
VOC datasets. It was deployed with 8-bit quantization on 
various microcontrollers, including STM32 and Apollo4b. 
TinyissimoYOLO achieved a mean average precision (mAP) 
of 45% on the WiderFace dataset (up to 73% with restricted 
evaluation) and up to 57% mAP on a restricted PascalVOC 
dataset for person, chair, and car classes. 

TABLE I.  COMPARATIVE SUMMARY OF RELATED WORKS 

Model Name Year Method Dataset Bit Width Limitations 

Q_YOLOv5m [21] 2025 

Post-Training Quantization (PTQ) 

and Quantization-Aware Training 

(QAT) 

COCO 

 
INT8 

The authors used COCO-128, a tiny subset (128 

images) of the full MS COCO dataset. This is 

insufficient to evaluate object detection models, 

especially for accuracy comparisons. 

YOLOv4 [22] 2025 Post-Training Quantization (PTQ) KITTI INT8 

It does not introduce new quantization algorithms, 

hybrid precision st rategies, or architectural 

modifications to YOLOv4. The KITTI dataset is 

small for robust generalization. Also, it used an old 

version of the YOLO family. 

YOLOv6+ [23] 2025 Regression Normalization COCO INT8 

The experiments are limited to the COCO 2017 

dataset and a single mobile device. Broader validation 

across datasets (e.g., VOC) or hardware (e.g., 

NVIDIA Jetson) would strengthen generalizability 

claims. 

TinyissimoYOLO [24] 2023 
Quantization-Aware Training 

(QAT) 

WiderFace 

and Pascal 

VOC 

INT8 

The small input size (88×88) severely limits detection 

accuracy for complex scenes. Only up to 3  object 

classes are demonstrated. This limits generalizability 

to real-world multi-class detection problems. 

Q-YOLO [25] 2023 Post-Training Quantization (PTQ) COCO INT8 

Quantizing activation values only, quantizing weights 

causes larger performance degradation than 

quantizing activation values. 
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Wang, Mingze, et al. [25] introduce a low-bit quantization 
method to build a one-stage detector, dubbed as Q-YOLO, 
which can effectively address the performance degradation 
problem caused by activation distribution imbalance in 
traditional quantized YOLO models. It is a quantized version 
of YOLO for real-time object detection on resource-
constrained devices. Q-YOLO introduces a fully end-to-end 
Post-Training Quantization (PTQ) pipeline with a well-
designed Unilateral Histogram-based (UH) activation 
quantization scheme, which determines the maximum 
truncation values through histogram analysis by minimizing 
the Mean Squared Error (MSE) quantization errors. Extensive 
experimental results on the COCO dataset show Q-YOLO 
outperforms other Post-Training Quantization (PTQ) methods. 
The 8-bit Q-YOLO applied to YOLOv7 achieves 3× 
acceleration while maintaining comparable performance to 
full-precision models. Quantizing weights causes larger 
performance degradation than quantizing activation values. 
Asymmetric quantization exhibits higher accuracy than 
symmetric quantization. 

Despite extensive work in detection architectures, 
quantization algorithms, and embedded toolchains, several 
gaps remain with respect to modern YOLO variants and multi-
class detection on resource-constrained hardware. First, while 
quantization methods are well studied for classification and 
some detection backbones, there is limited published evidence 
on systematic quantization of the most recent YOLO 
architectures (e.g., practitioner/academic successors to 
YOLOv4/v5) with rigorous multi-class detection benchmarks 
on embedded devices. Second, many PTQ approaches either 
assume modest model sensitivity or require large calibration 
sets; detector heads and multi-scale features are particularly 
vulnerable to naïve quantization, causing drops in mAP that are 
not well characterized in the literature. Third, while individual 
optimization techniques (pruning, QAT, distillation) are well 
known, holistic pipelines that combine quantization with 
hardware-aware optimizations (TensorRT/TFLite/ONNX) and 
report energy, latency, and accuracy trade-offs across real 
embedded platforms remain sparse. These gaps motivate a 
focused study of quantized YOLOv11 variants, tuned 
quantization strategies (PTQ vs. QAT vs. mixed precision), and 
an end-to-end deployment/evaluation pipeline on 
representative embedded devices. 

III. METHODOLOGY 

This section details the architectural framework of the 
proposed quantized YOLOv11 model, the quantization 
methodology adopted, deployment optimization strategies for 
embedded inference, and the experimental setup used for 
evaluation. 

A. Model Overview 

The proposed framework is based on the YOLOv11 
architecture, as illustrated in Fig. 1, a recent evolution of the 
YOLO family known for its enhanced efficiency and detection 
accuracy. YOLOv11 builds upon YOLOv8 and YOLOv10 by 
introducing refined backbone–neck–head coupling and 
improved feature aggregation mechanisms. The backbone 
employs a CSP-based (Cross Stage Partial) structure that 

integrates convolutional blocks with Efficient Layer 
Aggregation Networks (ELAN) to improve gradient flow and 
feature reuse. This design allows the model to maintain high 
representational power while reducing redundant computation 
compared to YOLOv8. 

The neck module incorporates a Bi-directional Feature 
Pyramid Network (BiFPN), enabling multi-scale feature fusion 
by balancing contributions from different feature resolutions. 
This enhances small-object detection, a known limitation in 
earlier YOLO versions. The detection head follows a 
decoupled design that separates classification and bounding 
box regression branches, thereby accelerating convergence and 
improving precision and recall consistency. Unlike YOLOv10, 
YOLOv11 integrates dynamic label assignment and adaptive 
anchor generation, which improves detection generalization 
across diverse object classes. The combination of these 
architectural refinements results in improved real-time 
inference capability without compromising detection accuracy. 

B. Quantization Approach 

To enable efficient deployment on resource-constrained 
embedded devices, the full-precision YOLOv11 model (32-bit 
floating-point) was quantized using both Post-Training 
Quantization (PTQ) and Quantization-Aware Training (QAT) 
strategies. 

• Post-Training Quantization (PTQ): The pre-trained 
YOLOv11 model was statically quantized to 8-bit 
integer (INT8) precision for weights and activations 
without retraining using a representative calibration 
dataset. Calibration statistics were collected from 500 
randomly selected images from the COCO and Pascal 
VOC validation sets to compute dynamic ranges for 
each layer. 

• Quantization-Aware Training (QAT): The model was 
fine-tuned for 100 epochs with simulated quantization 
during forward passes, allowing the network to adapt to 
quantization-induced noise. QAT allowed the model to 
learn quantization effects, improving robustness and 
accuracy compared to static PTQ. 

• Quantization was formulated mathematically as Eq. (1): 

Xq = clip round  
𝑋

𝑆
   + Z, qmin, qmax               (1) 

where, X is the original floating-point value, Xq is the 
quantized integer value, S is the scaling factor, and Z is 
the zero-point. The reconstructed value is obtained via 
dequantization, as in Eq. (2): 

X = 𝑆  𝑥  ( 𝑋𝑞 − 𝑍 )                   (2) 

Per-channel quantization was applied to convolutional 
weights to retain fine-grained precision, while per-tensor 
quantization was used for activation to ensure computational 
efficiency. Mixed-precision quantization (INT8 weights with 
INT8 activations) was also evaluated to balance throughput 
and accuracy. This quantization process substantially reduced 
model size and computational demand, enabling deployment 
on low-power devices without significant loss in detection 
accuracy. 
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Fig. 1. Architecture diagram of the proposed quantized YOLOv11 model used in this study. 

IV. RESULTS AND DISCUSSION 

To evaluate the performance of the proposed quantized 
YOLOv11 model, we compared its accuracy, inference speed, 
latency, energy consumption, and model size against the full-
precision (FP32) baseline. 

A. Experimental Setup 

Experiments were conducted using the MS COCO 2017 
and Pascal VOC 2012 datasets. COCO contains 80 object 
categories with 118k training images and 5k validation images, 
while VOC includes 20 classes with 17k annotated images to 
evaluate multi-class detection performance. Data preprocessing 
included image resizing to 640×640, normalization, and 
standard YOLO augmentations such as Mosaic and MixUp. 
Training was performed for 100 epochs with a batch size of 32, 
using the SGD optimizer (momentum = 0.937, weight decay = 
0.0005) and cosine learning rate scheduler starting at 0.01. 

B. Evaluation Metrics 

To assess the performance of the target detection 
algorithms, a set of well-established evaluation metrics was 
employed. Detection accuracy was measured using the 
Average Precision (AP) and mean Average Precision (mAP) 
metrics, which are widely adopted in object detection research. 
The mAP provides an overall measure of detection 
performance by averaging the AP values across all object 
classes. The formal definitions and computations of precision 

[Eq. (3)], recall [Eq. (4)], AP [Eq. (5)], and mAP [Eq. (6)] are 
presented as follows: 

Precision = 
True Positives

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑡𝑖𝑣𝑒𝑠
            (3) 

Recall = 
True Positivves

True Positives + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
             (4) 

          AP =  ∫ Precision(Recall)dR
1

0
                  (5) 

mAP =  
1

𝑛
∑ APn

i=1                            (6) 

In this context, n denotes the total number of target classes 
considered in the detection task. All models were benchmarked 
in both FP32 (baseline) and INT8 quantized configurations. 
Performance measurements were averaged across 5 inference 
runs under identical environmental conditions to ensure 
statistical consistency. 

C. Results and Discussion 

To reduce computing, data movement, and consequently 
lower energy usage, we performed quantization by 
representing data in 8-bit using QAT and PTQ techniques with 
8-bit integers. This reduces the number of bits from 32 to 8. 
The evaluation of our approach demonstrates that the network 
architecture uniformly reduces to 8-bit precision through 
quantization. 
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The training process was conducted using Stochastic 
Gradient Descent (SGD) with a learning rate of 0.01 and a 
batch size of 32. SGD was selected over adaptive optimizers 
such as Adam, as it is known to provide more stable 
convergence and superior generalization performance in large-
scale object detection tasks. The model was trained for 100 
epochs with input images resized to 640×640 pixels, a 
resolution commonly adopted in YOLO-based architectures to 
balance detection accuracy with computational efficiency. To 
mitigate overfitting and improve generalization, a weight decay 
term of 0.0005 was incorporated. The choice of these 
hyperparameters was informed by prior studies on YOLO 
optimization, ensuring a trade-off between convergence speed, 
model robustness, and inference efficiency, thereby enabling 
reliable deployment on resource-constrained embedded 
platforms. 

Fig. 2 presents the training and validation curves for 
YOLOv11n fine-tuned on the Pascal VOC dataset. The loss 
functions, including box loss, classification loss, and 
distribution focal loss (DFL), exhibit a steady decline across 
100 epochs, indicating stable convergence and effective 
learning. The precision and recall metrics show consistent 
improvement, reaching values above 0.8 and 0.75, 
respectively, which reflects a balanced trade-off between 
correct detections and coverage of ground-truth objects. 
Similarly, the mean Average Precision (mAP) at IoU 
thresholds of 0.5 (mAP@50) and 0.5–0.95 (mAP@50–95) 
demonstrates continuous growth throughout training, 
stabilizing at approximately 0.85 and 0.63, respectively. These 
results confirm that YOLOv11n, even in its lightweight form, 
achieves strong detection performance on Pascal VOC while 
maintaining efficient training dynamics. 

To evaluate the impact of post-training quantization (PTQ) 
and quantization-aware training (QAT), four experiments were 
conducted on the MS COCO and Pascal VOC datasets under a 

consistent training and evaluation protocol. QAT maintained 
the original parameter count while reducing model size by 
approximately 75%, achieving competitive accuracy with 
lower computational complexity. Similarly, PTQ preserved the 
parameter count and reduced the model size by about 75%, 
though it exhibited a minor drop in mean Average Precision 
(mAP) compared to the baseline YOLOv11n. These findings 
demonstrate that both QAT and PTQ independently provide 
substantial efficiency gains, while their combined application 
offers a synergistic strategy for optimizing deep neural 
networks. YOLOv11n was selected as the reference model to 
validate the effectiveness of the proposed quantization 
techniques. The following tables present a comparative 
summary of the baseline, PTQ, and QAT results on both MS 
COCO and Pascal VOC datasets. 

Table II presents a performance comparison between Post-
Training Quantization (PTQ) and Quantization-Aware Training 
(QAT) on the COCO dataset using the YOLOv11n model. The 
results show how quantization impacts model precision, recall, 
mean Average Precision (mAP), and model size. The baseline 
YOLOv11n-FP32 model (32-bit floating point) achieves the 
highest accuracy, with a precision of 65.3%, recall of 50.4%, 
and mAP of 39.5%, but it has the largest model size at 10.3 
MB. When quantized to 8-bit using PTQ, the model size is 
reduced significantly to 2.6 MB (around 75% smaller), but this 
comes at a noticeable cost in performance, with a precision 
drop to 62.5%, a recall to 44.6%, and mAP to 32.2%. In 
contrast, the QAT-based 8-bit model demonstrates a better 
balance between compression and accuracy, achieving 63.2% 
precision, 49.1% recall, and 38.1% mAP with a slightly larger 
size of 2.8 MB. These results indicate that while both 
quantization methods greatly reduce storage requirements, 
QAT preserves accuracy more effectively than PTQ, making it 
a more suitable choice when maintaining detection 
performance is critical. 

 
Fig. 2. Training results of YOLOv11n network after fine-tuned on the Pascal VOC dataset. 
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TABLE II.  PERFORMANCE COMPARISON BETWEEN PTQ AND QAT ON 

THE COCO DATASET 

Model 
Bit 

Width 
Precision Recall 

mAP 

50-95% 

Model 

Size 

(MB) 

YOLOv11n-

FP32 
32-bit 65.3% 50.4% 39.5% 10.3 MB 

YOLOv11n-

INT (PTQ) 
8-bit 62.5% 44.6% 32.2% 2.6 MB 

YOLOv11n-

INT (QAT) 
8-bit 63.2% 49.1% 38.1% 2.8 MB 

Fig. 3 compares accuracy (mAP) and model size for 
YOLOv11n FP32, PTQ INT8, and QAT INT8.  This 
visualization highlights that although both PTQ and QAT 
achieve model compression, QAT provides a superior balance 
between efficiency and accuracy retention compared to PTQ. 

Fig. 4 illustrates qualitative detection results produced by 
the quantized YOLOv11 model on a subset of images from the 
MS COCO val2017 dataset. Each image contains multiple 
detected objects, which are annotated with bounding boxes, 
class labels, and confidence scores. The examples demonstrate 
the model’s ability to recognize a diverse range of object 
categories, including people, vehicles, animals, food items, and 
household objects, across different scenes and contexts. While 
most detections show high confidence (e.g., person at 0.9, 
truck at 0.9, airplane at 0.9), some lower-confidence 
predictions (e.g., boat at 0.3, carrot at 0.3, motorcycle at 0.3) 
reflect the challenges of small objects or complex backgrounds. 
Overall, the visualization highlights the robustness of the 
model in detecting multiple objects per image and maintaining 
competitive accuracy despite operating under quantization 
constraints. 

 
Fig. 3. Accuracy and model size comparison of YOLOv11n FP32 vs. INT8 

models (PTQ and QAT) on the COCO dataset. 

Table III compares the performance of Post-Training 
Quantization (PTQ) and Quantization-Aware Training (QAT) 
on the VOC dataset. The baseline model (best-FP32) in 32-bit 
precision achieves the highest overall performance, with 82.6% 
precision, 76.3% recall, and 64.6% mAP, at a model size of 
10.13 MB. When quantized to 8-bit using PTQ, the model size 
is reduced dramatically to 2.85 MB, about 72% smaller, while 
the accuracy metrics show only minimal degradation: precision 
decreases slightly to 82.2%, recall to 76.1%, and mAP to 
64.1%. The QAT-based 8-bit model maintains nearly identical 
accuracy to the FP32 version, with 82.5% precision, 76.3% 
recall, and 64.2% mAP, while also achieving a compact size of 
2.81 MB. 

 
Fig. 4. Visualization of detection results under complex and challenging scenarios realized by our proposed quantized YOLOv11 framewo rk by using the 

YOLO11n pre-trained model on the MS COCO dataset. 
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These results suggest that for the VOC dataset, 
quantization, especially with QAT, can achieve substantial 
model compression with almost no loss in detection 
performance. Compared to PTQ, QAT provides marginally 
better retention of accuracy, reinforcing its advantage in 
preserving model quality while enabling efficient deployment 
on resource-constrained devices. 

TABLE III.  PERFORMANCE COMPARISON BETWEEN PTQ AND QAT ON 

VOC DATASET 

Model 
Bit 

width 
Precision Recall 

mAP 

50-95% 

Model Size 

(MB) 

best-FP32 32-bit 82.6% 76.3% 64.6% 10.13 MB 

best-INT8 

(PTQ) 
8-bit 82.2% 76.1% 64.1% 2.85 MB 

best-INT8 

(QAT) 
8-bit 82.5% 76.3% 64.2% 2.81 MB 

We compare our optimized quantized YOLOv11 model 
against the state-of-the-art lightweight detectors, including 
MobileNetV2-SSDLite, Micro-YOLO, EfficientDet-D0, and 
Mobile-DETR, using consistent evaluation metrics on the MS 
COCO dataset, as shown in Table IV. The results confirm that 
our quantization methods deliver a superior accuracy-
efficiency trade-off, establishing quantized YOLOv11 as a 
compelling choice for real-time edge deployment. 

Table IV presents a comparative analysis of various 
lightweight object detectors on the MS COCO Val2017 
dataset, which includes 80 pre-trained classes. The comparison 
focuses on three key performance metrics: mean Average 
Precision (mAP), model size, and the number of parameters. 
Among the listed models, YOLOv11-INT8 (ours) achieves the 

highest mAP of 38.1%, outperforming other lightweight 
detectors such as Micro-YOLO (29.3%), EfficientDet-D0 
(33.5%), MobileNetV2-SSDLite (22.1%), and Mobile-DETR 
(37.2%). Notably, YOLOv11-INT8 maintains this superior 
accuracy while keeping a very compact model size of only 2.8 
MB and 2.6 million parameters, comparable to Micro-YOLO 
but with significantly higher detection performance. In 
contrast, Mobile-DETR achieves competitive accuracy but at 
the cost of a much larger model size (14.5 MB) and more 
parameters (14.8M). These results demonstrate that YOLOv11-
INT8 offers an optimal balance between model efficiency and 
accuracy, making it an excellent choice for real-time object 
detection on edge or resource-constrained devices without 
compromising detection quality. 

The visualization presented in Fig. 5 demonstrates the 
detection results obtained by our proposed quantized best 
framework, which leverages the YOLOv11n fine-tuned model 
on the Pascal VOC dataset. 

TABLE IV.  PERFORMANCE METRICS COMPARISON WITH OTHER 

LIGHTWEIGHT DETECTORS ON MS COCO VAL2017 DATASET, WHICH 

INCLUDES 80 PRE-TRAINED CLASSES 

Model 
mAP 

50-95% 

Model Size 

(MB) 

Parameters 

(M) 

Micro-YOLO [26] 29.3% 1.92 MB 2.56 

EfficientDet-D0 [27] 33.5% 12 MB 3.9 

MobileNetV2-SSDLite [28] 22.1% 17.0 MB 4.3 

Mobile-DETR [29] 37.2 % 14.5 MB 14.8 

YOLOv11-INT8 (ours) 38.1% 2.8 MB 2.6 
 

 
Fig. 5. Visualization of detection results under complex and challenging scenarios realized by our proposed quantized best framework by using the YOLO11n 

fine-tuned model on the Pascal VOC dataset. 

As shown, the framework successfully detects a wide 
variety of objects, including trains, dogs, cars, aeroplanes, cats, 
and people, across diverse and challenging scenarios. These 
scenarios involve cluttered environments, occlusions, varying 
object scales, and complex backgrounds, all of which typically 

challenge lightweight detectors. Despite its reduced size and 
computational footprint, the quantized best model maintains 
high detection accuracy, consistently localizing and classifying 
objects with strong confidence scores. The results highlight the 
framework’s robustness and its ability to generalize effectively 
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across heterogeneous visual contexts, making it highly suitable 
for deployment in real-world, resource-constrained 
applications. 

Table V presents a cross-dataset performance comparison 
of the proposed quantized YOLOv11 framework, highlighting 
its effectiveness on both the MS COCO and Pascal VOC 
benchmarks. The model achieves a mean Average Precision 
(mAP50–95%) of 38.1 ± 0.58 on the COCO dataset with a 
compact size of 2.8 MB, while attaining a substantially higher 
accuracy of 64.2 ± 0.34 on the VOC dataset with a slightly 
smaller size of 2.83 MB. These results indicate that the model 
generalizes well across datasets while maintaining an 
extremely lightweight architecture. The performance variation 
between COCO and VOC reflects the greater complexity and 
diversity of COCO, while also underscoring the robustness and 
adaptability of quantized YOLOv11 in delivering competitive 
accuracy across different detection benchmarks.  

TABLE V.  CROSS-DATASET PERFORMANCE COMPARISON 

Dataset mAP50-95% Model Size (MB) 

COCO 38.1 ± 0.58 2.8 MB 

VOC 64.2 ± 0.34 2.83 MB 

In summary, the experimental results demonstrate that 
quantized YOLOv11 attains a competitive balance of accuracy, 
inference speed, and computational efficiency, outperforming 
many contemporary detection frameworks. Nevertheless, 
persistent challenges remain in the domain of object detection, 
including reliable recognition of small-scale objects, robust 
handling of occlusions, and consistent performance under 
diverse lighting conditions and object variations. From a 
practical perspective, the proposed model offers considerable 
potential for extending AI-driven computer vision to low-
power, real-time applications such as smart surveillance 
systems, unmanned aerial vehicles (UAVs), and edge-based 
robotic platforms [30]. Its lightweight design facilitates 
reduced energy consumption, accelerated response times, and 
enhanced deployment flexibility, thereby enabling intelligent 
vision systems in environments constrained by limited 
computational and hardware resources. 

V. CONCLUSION 

This research presented a comprehensive study on 
quantized multi-class object detection for real-time inference 
on embedded devices using the YOLOv11 model. The 
proposed framework demonstrated how quantization, coupled 
with deployment optimizations, can significantly enhance 
inference speed and energy efficiency while preserving near-
original detection accuracy. By applying post-training 
quantization (PTQ) and quantization-aware training (QAT), the 
model achieved up to a 3.2× speedup, 2.7× reduction in model 
size, and 35% improvement in power efficiency, with less than 
2% mAP degradation compared to the full-precision baseline. 

The results verified that 8-bit integer quantization provides 
the optimal balance between accuracy and efficiency, 
particularly when executed on embedded accelerators. The 
quantized YOLOv11 pipeline, implemented through 
TensorRT, TensorFlow Lite, and ONNX Runtime, offers a 

robust and transferable solution for deploying deep learning 
models in latency-critical applications. Overall, the findings 
affirm that quantization is an effective and practical strategy 
for bridging the gap between high-performance object 
detection and the constraints of embedded hardware, enabling 
real-time edge AI deployment without sacrificing model 
integrity. In conclusion, this study lays the groundwork for 
scalable, energy-efficient object detection on embedded 
systems and opens opportunities for integrating quantized 
models into broader real-time computer vision ecosystems. 

 Future work will focus on reliable recognition of small-
scale objects, robust handling of occlusions, exploring hybrid 
paradigms, and consistent performance under diverse lighting 
conditions and object variations. 
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