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Abstract: This study presents an innovative method to optimize convolutional neural networks
(CNNs) tailored for the prevalent low-power platforms in IoT and embedded devices, which are
integral to smart city infrastructures. Our approach introduces a novel “Rotating Convolutional Ker-
nel” technique, designed to significantly reduce the computational load of CNNs while maintaining
high accuracy, an essential feature for the constrained processing capabilities of devices produced by
Hisilicon, MediaTek, and Novatek, among others. By leveraging the intelligent video engine (IVE)
capabilities inherent in low-end CPUs, our optimized YOLOv3-Tiny model, with fewer than 100 K
parameters and specifically fine-tuned for pedestrian and vehicle detection, demonstrates impressive
processing speeds of 52 ms/frame on the HI3516EV200 chip and 66 ms/frame on the MSC313E chip,
with minimal accuracy compromise. Despite a substantial reduction in parameter count compared to
that in MobileNetV2, our model’s top-1 accuracy only slightly decreases by 2.6%, showcasing the
effectiveness of our optimization technique. Our findings highlight the potential and applicability of
our method in enhancing the performance and utility of IoT and embedded devices within smart
cities. By achieving an optimal balance between computational efficiency and detection accuracy,
our approach offers a promising avenue for advancing the capabilities of low-power devices in
urban surveillance, traffic management, and other smart city applications, thereby contributing to the
development of more intelligent, efficient, and responsive urban environments.

Keywords: convolutional neural network; intelligent video engine; resource-limited settings

1. Introduction

The advent of high-definition video technology, coupled with advancements in smart
analytics, cloud computing, and big data, has significantly transformed security systems
from passive defense mechanisms into proactive, intelligent early warning systems. This
evolution has not enhanced security measures but also broadens their applications across
various sectors, fostering a smarter lifestyle and offering intelligent solutions to a wider
array of industries and individuals. The shift towards an integrated cloud-edge industrial
ecosystem, characterized by the architectural progression of video surveillance to include
front-end intelligence, back-end cloud processing, and a three-tiered structure comprising
edge nodes, edge domains, and cloud centers, marks a significant paradigm shift in the se-
curity sector. This new trend underscores the importance of adaptive, real-time surveillance
solutions capable of meeting the complex demands of modern security environments [1,2].

However, despite these technological strides, a significant portion of the security
market is still dominated by non-intelligent edge nodes, which are constrained by limited
computing resources and face significant performance challenges. This limitation hinders
the deployment of intelligent algorithms on such devices, necessitating innovative solutions
to achieve high-performance analytics on low-power devices. Presently, about 80% of
security front-end devices in the market rely on solutions from providers like Hisilicon,
MediaTek, and Novatek, which often lack the computational power required for advanced
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video analysis. These devices are predominantly used for basic video surveillance and
recording, with only a minor fraction capable of conducting simple video analysis functions,
which suffer from high false alarm rates and limited utility [3,4].

In response to these challenges, this study introduces an innovative approach to
optimize convolutional neural networks (CNNs) for resource-constrained security devices.
Central to our methodology is the development of a “Rotating Convolutional Kernel”,
which significantly reduces computational demands while maintaining high accuracy. This
approach, combined with max-filtering and direct memory access (DMA) for efficient
max-pooling, maximizes the performance of the intelligent video engine (IVE) in low-end
CPUs. Our tailored YOLOv3-Tiny model, specifically optimized for pedestrian and vehicle
detection, demonstrates remarkable processing speeds and minimal accuracy degradation
on low-resource platforms.

By addressing the computational limitations of current security devices, this research
aims to bridge the gap between the growing demand for intelligent security solutions and
the capabilities of existing hardware. The implications of this work extend beyond the
security industry, offering insights into the design of efficient neural network architectures
for a variety of applications in resource-constrained environments.

The remainder of this paper is organized as follows: Section 2 introduces relevant
research and methods. Section 3 presents the units and architecture of the proposed network.
Section 4 covers the related experimental content. Finally, conclusions are provided in
Section 5.

2. Related Works

The rapid progress in deep learning, particularly through convolutional neural net-
works (CNNs), has shown remarkable success across various domains, including audio
and video processing. CNNs have the unique ability to learn from extensive datasets and
generalize their findings to new, unseen data, making them particularly suited for complex
security and surveillance tasks. The development of various network architectures, such as
AlexNet [5], VGGNet [6], GoogLeNet [7], ResNet [8], and DenseNet [9], with increasing
complexity and depth has been instrumental in advancing the field. However, the enhanced
performance of these networks comes at the cost of increased network parameters and
computational demands, necessitating efficient network design and optimization to make
them feasible for deployment in resource-constrained environments.

Addressing the efficiency challenges in CNNs involves a multifaceted approach,
including the development of lightweight models, model compression techniques, and hard-
ware optimization strategies. Lightweight models such as SqueezeNet [10], MobileNet [11–13],
and ShuffleNet [14,15] aim to reduce computational demands through innovative convo-
lutional approaches, making them more suitable for deployment on devices with limited
computational resources. Model compression techniques, including quantization and
pruning, strive to maintain network performance while reducing the model size and com-
putational complexity. Hardware optimization techniques seek to maximize the utilization
of available CPU or GPU resources, with inference frameworks like NCNN [16], MNN [17],
and TNN [18] enhancing convolutional operations at the instruction level. These optimiza-
tions have made it possible to apply advanced network models on mobile and edge devices,
extending the reach of deep learning technologies to a wider array of applications [19].

However, the application of sophisticated CNN algorithms on security front-end
devices without neural processing units (NPUs) and with limited CPU capabilities remains
a significant challenge. The development of efficient CNN algorithms suitable for such
platforms is crucial for extending the application of deep learning technologies across the
security industry. This involves not only optimizing the algorithms themselves but also
considering the unique constraints and requirements of security surveillance applications.
The recent literature has emphasized the importance of model efficiency and deployment
strategies that cater to the constraints of edge devices, highlighting the ongoing efforts
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to make deep learning technologies more accessible and effective in resource-constrained
settings [20–22].

By addressing these challenges, the security industry can harness the full potential of
deep learning to enhance surveillance capabilities, reduce false alarms, and provide more
intelligent solutions that meet the evolving needs of diverse industries and individuals.
The continued development and optimization of CNNs for low-resource environments
represent a key area of research that holds significant promise for the future of security and
surveillance technologies.

3. Approach
3.1. Rotating Convolutional Unit

In contemporary neural network architectures such as AlexNet [5] and VGGNet [6], a
sequential arrangement of convolutional layers with varying parameters predominates,
whereas frameworks like ResNet [8] and DenseNet [9] incorporate shortcut connections
to enhance network depth and precision. Conversely, lightweight architectures including
MobileNets and ShuffleNets [11–15] minimize parameter volume via group convolutions
and the extensive employment of 1 × 1 convolutions, presenting a paradigm shift towards
efficiency. Despite the success of these diverse structural designs in achieving remarkable
performance, the significant parameter count necessitates considerable computational
resources, rendering them less feasible for deployment in security devices with limited
processing capabilities.

The most straightforward solution to this issue is to reduce the number of convolu-
tional kernels to decrease the parameter count, but this reduction can lead to a decrease in
accuracy, presenting a contradiction. To address this challenge, this paper fully leverages
intelligent video engine (IVE) resources to design a convolutional kernel structure called
“Rotating Convolution” (the IVE is a simple acceleration engine provided by many video
processing chips that can speed up straightforward video processing algorithms). By rotat-
ing the same convolutional kernel (at 90, 180, and 270 degrees), this approach significantly
reduces the number of parameters without decreasing the number of kernels. The specific
methodology is as follows:

In the intelligent video engine (IVE) implementations of chip solutions from Hisilicon,
MediaTek, and Novatek, a 5 × 5 Sobel operator is available that enables the simultaneous
extraction of 16-bit horizontal and vertical edges from an 8-bit image. This operator
features a customizable 5 × 5 convolutional kernel, with padding set to 2 and a stride
of 1. Leveraging this capability, we can utilize the hardware resources to concurrently
compute convolutions in two directions using a single kernel. The operator is defined in
Equations (1) and (2),

H(x, y) = ∑
−2<j<2

∑
−2<i<2

I(x + i, y + j) ∗ K(i, j), (1)

V(x, y) = ∑
−2<j<2

∑
−2<i<2

I(x + i, y + j) ∗ K(j, i), (2)

where H(x, y) and V(x, y) represent the convolutions in the horizontal and vertical direc-
tions, I represents the input 8-bit image or data, and K denotes the 5 × 5 convolution kernel.
∗ represents convolution operation. Kij denotes the kernel parameter at the i-th row and
j-th column, while Kji represents the corresponding parameter in the symmetric direction.

Rotational convolution ingeniously modifies the depthwise convolution approach by
utilizing 5 × 5 convolutional filters, which are uniformly sized but strategically rotated
to different orientations (0°, 90°, 180°, 270°), as delineated in Equations (3) and (4). Each
convolutional kernel shares identical parameters, yet their positioning varies according to
the angle of rotation, enhancing the model’s capability to capture features from multiple
orientations with a consistent parameter set. This methodology not only amplifies the
receptive field pertinent to feature extraction but also optimizes the exploitation of IVE
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resources. Furthermore, it effectuates a substantial reduction in the convolutional filter
parameters, diminishing them to a mere quarter of those necessitated by conventional
convolutional approaches. The architectural configuration of this novel convolution unit is
delineated in Figure 1. In the figure, (a) and (b) show two rotational convolution kernels
with shortcuts, and (c) displays the full rotational convolution architecture. The next section
will provide a detailed comparison of these structures through ablation studies.

Figure 1. Rotating convolutional unit. (a,b) Unit rotating with shortcut; (c) Full-rotating convolutional unit.

K0 =


k00 k01 k02 k03 k04
k10 k11 k12 k13 k14
k20 k21 k22 k23 k24
k30 k31 k32 k33 k34
k40 k41 k42 k43 k44

, K180 =


k44 k43 k42 k41 k40
k34 k33 k32 k31 k30
k24 k23 k22 k21 k20
k14 k13 k12 k11 k10
k04 k03 k02 k01 k00

 (3)

K90 =


k40 k30 k20 k10 k00
k41 k31 k21 k11 k01
k42 k32 k22 k12 k02
k43 k33 k23 k13 k03
k44 k34 k24 k14 k04

, K270 =


k04 k14 k24 k34 k44
k03 k13 k23 k33 k43
k02 k12 k22 k32 k42
k01 k11 k21 k31 k41
k00 k10 k20 k30 k40

 (4)

3.2. Pooling Layer Using MaxMum Filters and DMA

To minimize computational overhead with a 5 × 5 kernel, stride = 1, and padding = 2,
we necessitate feature dimensionality reduction via a pooling layer. In the absence of native
pooling functions in IVEs such as Hisilicon’s, we approximate 2 × 2 max pooling through
max filtering and DMA copying, detailed in Equations (5) and (6),

Iout(x, y) = max
i,j∈(−1,1)

(I(x + i, y + j)) (5)

Fout(x1, y1) = I
x1=x/2,y1=y/2

(x, y) (6)

where Iout represents the feature map after 3 × 3 max filtering, and Fout denotes the feature
map following alternate row copying by DMA, thereby approximating max pooling.

3.3. Network Architecture

The structure of the network is built on rotational convolutions as mentioned in the
previous section. By defining the network in such simple terms, we are able to easily explore
network topologies to find a good network with less parameters. The architecture is defined
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in Table 1. “Type” represents the operator type, “Filter Shape” indicates the size of the
convolutional kernel, “InputSize” denotes the size of the feature map input to the current
layer, and “Parameters” refers to the parameters that need to be trained (excluding bias).
All rotational convolution units are followed by a batchnorm [23] and ReLU nonlinearity
with the exception of the final 1 × 1 conv layer which, has no nonlinearity and feeds into
a softmax layer for classification. Counting rotational convolution and pooling layers as
separate layers, the proposed method has 23 layers, maintaining a compact structure with
only 570 k parameters.

Table 1. The network architecture; “R-Conv” refers to rotational convolution. Four convolutional
kernels are grouped together, sharing parameters among them.

Type Filter Shape Input Size Parameters

R-Conv 5 × 5 × 3 × 16 256 × 256 × 3 300
Pooling - 128 × 128 × 16 0
R-Conv 5 × 5 × 16 × 32 128 × 128 × 16 3200
Pooling - 128 × 128 × 32 0
R-Conv 5 × 5 × 32 × 32 64 × 64 × 32 6400
R-Conv 5 × 5 × 16 × 32 64 × 64 × 32 6400
R-Conv 5 × 5 × 32 × 32 64 × 64 × 32 6400
R-Conv 5 × 5 × 16 × 32 64 × 64 × 32 6400
Pooling - 64 × 64 × 32 0
R-Conv 5 × 5 × 32 × 32 32 × 32 × 32 6400
R-Conv 5 × 5 × 16 × 32 32 × 32 × 32 6400
Pooling - 32 × 32 × 32 0
R-Conv 5 × 5 × 32 × 32 16 × 16 × 32 6400
R-Conv 5 × 5 × 16 × 32 16 × 16 × 32 6400
R-Conv 5 × 5 × 16 × 32 16 × 16 × 32 6400
Pooling - 16 × 16 × 32 0
R-Conv 5 × 5 × 32 × 32 8 × 8 × 32 6400
R-Conv 5 × 5 × 16 × 32 8 × 8 × 32 6400
Pooling - 8 × 8 × 32 0
Conv 1 × 1 × 32 × 32 4 × 4 × 32 1024
Reshape - 4 × 4 × 16 0
Conv 1 × 1 × 512 × 1000 1 × 1 × 512 512,000
SoftMax classification 1000 0

3.4. Object Detection Architecture

In the domain of security surveillance applications, the foremost application lies in
object detection, with a particular emphasis on the detection of pedestrians and vehicles.
The network described in this paper is also applicable to object detection tasks. Building on
the network architecture discussed in the previous section, modifications are made to the
YOLOv3-tiny [24] network to train models for the detection of vehicles and pedestrians.
The architecture of the network is illustrated in Figure 2.

In the figure, R-conv refers to the rotational convolutional layer designed in the
preceding section, conv denotes standard convolutional layers, pool represents the pooling
layers, and up-sample indicates the up-sampling layers. Unlike the original YOLOv3-tiny
network, this network employs a single-channel image input. The terms n1, n2, ..., n8
signify the number of channel outputs for each respective layer. W and H denote the
dimensions of the input detection image, which, in this instance, is set to 352 × 288. The
annotations following the convolutional layers in the figure correspond to the sizes of
the resulting feature maps (it is important to note that due to the design of the rotational
convolutional layer, the values of n1 to n5 must be multiples of 4).
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Figure 2. Object Detection Architecture.

4. Experiment and Result
4.1. Experimental Environment

The model was trained on an Ubuntu 18.04 system , utilizing the Darknet architecture
as the underlying software framework [25]. Modifications were implemented to include
rotational convolutions and pooling layers, optimizing thesefor the chip’s intelligent video
engine (IVE) compatibility. Furthermore, quantization and dequantization layers were
added to adjust the convolutional kernel parameters to meet the chip’s IVE specifications.

The hardware environment for training comprised two Intel 4210R CPUs, 64 GB of
memory, and a single RTX3090 GPU. The inference environment initially employed Win-
dows for simulation, followed by performance testing on the HI3516EV200 and MSC313E
platforms (HI3516EV200 is a security-focused chip from Hisilicon, featuring a single-core
900 MHz A7 processor and 64 MB DDR3 memory. MSC313E is a chip with similar func-
tionality from MediaTek, containing a single-core 1.2 GHz A7 processor and 64 MB DDR3
memory).

The software architecture employed NCNN [16] (which is developed and optimized by
Tencent using C++), and based on this framework, we implemented rotational convolution,
pooling, and up-sampling operations as custom layers using the IVE operators.

4.2. Training

We trained our models using darknet [25]. We used the standard RMSProp Optimizer
with both decay and momentum set to 0.9. We used batch normalization after every layer
unit, and the standard weight decay was set to 0.00004. Following MobileNet [11] setup, we
used an initial learning rate of 0.045, and a learning rate decay rate of 0.98 per epoch. The
model underwent training for 50 epochs on the ImageNet dataset [26]. Deviating from the
conventional MobileNet [11] strategy, to enhance the performance of the IVE, we adjusted
the input image dimensions from the standard 224 × 224 to 256 × 256.

For the detection model, we specifically focused on vehicles and pedestrians; hence,
we did not utilize open datasets but instead created our own datasets for vehicles and
pedestrians. The vehicle dataset primarily originates from urban road surveillance, while
the pedestrian dataset mainly comes from city square monitoring. In total, the datasets
comprise 250,000 vehicle images and 150,000 pedestrian images from various scenes. The
datasets are randomly divided into 70% for training, 20% for validation, and 10% for testing.
Separate models for vehicle detection and pedestrian detection are trained accordingly.
In the network model, the initial values n1–n8 are set to 8, 16, 24, 32, 32, 24, 24, and 32,
respectively. The training images have an input size of 352 × 288, with a batch size of 512,
and are trained for 30 and 40 epochs for pedestrian and vehicle detection, respectively.
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Both the detection and recognition models are trained using fp32 during the training
process, and quantization and dequantization layers are added after each layer to enhance
the model’s accuracy. Moreover, for comparison purposes, we also train an fp32 model
with the same network architecture.

4.3. Testing

To assess the efficacy of our models, the recognition model was benchmarked against
MobileNetV1 [11], MobileNetV2 [12], ShuffleNetV1 [14], and ShuffleNetV2 [15]. We also
evaluated the models under three conditions: utilizing IVE, without IVE (CPU INT8), and
employing fp32 precision. The outcomes of these comparisons are detailed in Table 2. The
inference framework utilized is NCNN, with the table’s timing information reflecting the
mean duration for 100 consecutive inferences. CPU utilization is determined by averaging
the CPU usage (CPU) percentage over a 10 s interval. Performance comparisons were
conducted on the HI3516EV200 (EV200) and MSC313E (313E) platforms.

For the detection model, we trained the yolov3-tiny model with the same datasets
for comparison. Similarly to the recognition model tests, we compared the results and
performance of models using IVE, without IVE, and using fp32. The comparison results
are shown in Table 3.

Table 2. Performance on ImageNet; comparison for different networks.

NetWork Top 1 Speed (EV200) CPU (EV200) Speed (313E) CPU (313E)

MobileNet-V1 70.6 760 >99% 689 >99%
MobileNet-V2 72.0 476 >99% 438 >99%
ShuffleNet-V1 67.4 248 >99% 230 >99%
ShuffleNet-V2 69.4 242 >99% 224 >99%

Our (CPU FP32) 69.7 721 >99% 680 >99%
Our (CPU INT8) 69.4 924 >99% 814 >99%
Our (IVE INT8) 69.4 123 39% 145 47%

Table 3. Performance on detection datasets; comparison for different networks.

Network
mAP

(Pedestrian)
mAP

(Vehicle)
Speed

(EV200)
CPU

(EV200)
Speed
(313E)

CPU
(313E)

YOLOV3-Tiny 78.02 88.12 2540 >99% 2360 >99%

Our (CPU FP32) 77.87 87.91 672 >99% 651 >99%
Our (CPU INT8) 76.62 87.51 731 >99% 711 >99%
Our (IVE INT8) 76.12 87.04 52 57% 66 62%

Tables 2 and 3 illustrate that the recognition model optimized with IVE only marginally
lags behind MobileNetV2 [12] by 2.6% in top1 accuracy, yet boasts an approximately 4-fold
increase in processing speed. Notably, leveraging IVE resources cut the CPU usage by
nearly half compared to solely CPU-dependent executions.

In the detection model sphere, our model showed a minor mAP decrement in pedes-
trian and vehicle detection datasets relative to Yolov3-Tiny. Owing to the memory band-
width limits of the chosen chips, our model’s operational speed is roughly 4 times that
of Yolov3-Tiny, a result of significantly lower memory bandwidth demands. Post IVE
algorithm optimization, the model reached processing speeds of 19 fps on Hisilicon
HI3516EV200 and 15 fps on MSC313E, marking about a 91% speed increase over the
base model and an 85% increase over models not optimized with IVE, all while maintaining
a CPU usage under 70%, thus proving its high practical worth.

Moreover, testing revealed that executing quantized INT8 models with NCNN on
these CPUs takes longer than FP32 models, likely due to NCNN’s INT8 convolution
implementations being memory-intensive.
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By integrating the algorithm into cameras with HI3516EV200 and MSC313E chips and
conducting over six months of testing across more than 100 cameras in scenarios like road
micro-channel checkpoints and residential area access control, the system demonstrated
excellent performance in vehicle and pedestrian detection snapshots. Tests on additional
chips, including Novatek NT98562, MediaTek SSC335, Hisilicon 3516EV300, and Guoke Mi-
cro GK7205V300, affirmed the efficacy of the proposed model and optimization techniques
across these platforms.

4.4. Ablation Study

This ablation study meticulously evaluates the distinct components of our proposed
model to ascertain their individual and collective impact on performance within resource-
constrained environments. The study elucidates the optimization achieved through our
novel methodologies and design choices.

4.4.1. Width Multiplier: Scaling Model Complexity

While the base architecture is designed to be compact with low latency, specific use
cases or applications may necessitate a smaller and faster model. To facilitate this, we adopt
a width multiplier, denoted as α, from the MobileNet [11] to uniformly scale down the
model across all layers. This width multiplier, α, ranging between 0 and 1, with typical
settings of 1, 0.75, 0.5 and 0.25, is employed to reduce the number of input and output
channels at each layer in a proportional manner. α = 1 is the baseline network and α < 1 are
the reduced network. With the application of α, the number of input and output channels
is further decreased, making the network more efficient.

In the context of the recognition model, models were trained across a spectrum of
width multipliers, α, and subjected to comparative analysis. The results underscore that a
decrement in α correlates with a reduction in model parameters and an increment in speed,
concomitantly accompanied by a compromise in accuracy, notably so at α = 0.25, which
registered the most pronounced decline. Subsequent evaluations have ascertained that for
diverse applications, either the baseline variant or the models configured with α = 0.75
and α = 0.5 represent optimal selections.

As shown in Figure 3, the speed-accuracy curves illustrate the trade-offs between
different α values, providing a visual representation of the impact on performance. The
curves indicate that while reduced α values enhance speed, they also result in lower
accuracy, helping to identify the optimal balance for specific applications.

Figure 3. Accuracy vs. speed for different alpha values.
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4.4.2. Effectiveness of the Rotating Convolutional Unit

At the heart of our model’s efficiency is the “Rotating Convolutional Unit”, which
employs a single kernel, K0, that undergoes rotations to K90, K180 and K270. This design
significantly reduces parameter count while ensuring comprehensive feature extraction
from various orientations. Comparative analysis between models with and without this
unit reveals that the incorporation of the rotating convolutional unit markedly decreases
computational demand without detrimentally impacting accuracy, highlighting its critical
role in the model’s efficiency. Comparisons are shown in Figure 4. Several example
structures are illustrated in Figure 1.

Figure 4. Different rotational convolutional unit architectures. “Full” refers to the utilization of
convolutions in all four directions, as depicted in Figure 1c, while others signify the use of shortcut
structures along with two types of convolutions, as shown in Figure 1a,b.

It is observed that choosing rotational convolutions at 0 and 180 degrees, and 90 and
270 degrees results in the fastest processing speed. This is attributed to the IVE operator’s
capability to compute the convolution in the transpose direction in a single calculation.

4.4.3. Backbone Comparisons for Detection Models

Focusing on object detection tasks, particularly pedestrian and vehicle detection,
we assessed the efficacy of employing different backbone networks within our model.
The optimized model, despite its streamlined architecture and reduced computational
footprint, achieved comparable or superior performance in detection accuracy relative to
more complex backbones. This outcome attests to our model’s effectiveness in real-world
surveillance applications, where both efficiency and accuracy are crucial.

As shown in Figures 5 and 6, The “Final Model” denotes the completed version of the
detection model, whereas “Full-1.0”, “Full-0.75”, and “Full-0.5” indicate the employment
of the recognition backbone network at different α scaling factors. Similar to the preceding
section, configurations “0 and 180” and “90 and 270” incorporate only selected rotational
convolutions. An examination of the test results reveals that the Final Model achieves
enhanced performance in both pedestrian and vehicle detection scenarios. Although
the alternative backbone networks also exhibit strong performance capabilities, they are
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characterized by longer execution times, suggesting their potential utility as backbones in
future, more complex object detection frameworks.

Figure 5. mAP (pedestrian) vs. speed.

Figure 6. mAP (vehicle) vs. speed.

Through this ablation study, we established the indispensable contribution of the “Ro-
tating Convolutional Unit” to the model’s efficiency, the strategic utility of the width multi-
plier, α, in tailoring model complexity, and the superiority of a full rotational convolutional
approach in feature extraction. These components, individually and collectively, substanti-
ate the model’s optimized performance for deployment on low-resource security devices,
paving the way for advanced, efficient surveillance solutions in various applications.

5. Conclusions

This study presents a significant leap forward in the field of computational effi-
ciency for convolutional neural networks (CNNs), particularly in the context of resource-
constrained security devices. Our innovative “Rotating Convolutional Kernel” technique
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marks a paradigm shift in how CNNs can be optimized to operate within the limited
computational capacities of low-end CPUs, commonly found in security devices from
Hisilicon, MediaTek, and Novatek.

The introduction of the “Rotating Convolutional Kernel”, coupled with our novel
approach to pooling using max-filtering and DMA, not only addresses the pressing need
for computational efficiency but also opens up new avenues for real-time, high-accuracy
surveillance applications. Our optimized YOLOv3-Tiny model, which operates with re-
markable efficiency on platforms like the HI3516EV200 and MSC313E chips, underscores
the practical viability of our approach. Achieving processing speeds of 52 ms/frame and
66 ms/frame on these chips with only minimal compromises in accuracy, our model demon-
strates that high-performance surveillance is attainable even on devices with stringent
resource limitations.

The implications of our work extend beyond the immediate enhancements to security
surveillance systems. By significantly reducing the computational demands of CNNs while
maintaining high levels of accuracy, our approach paves the way for the broader application
of advanced deep learning models in a myriad of contexts where computational resources
are limited. This is particularly relevant in the era of the Internet of Things (IoT), where
efficient data processing on edge devices is crucial.

Looking ahead, the methodologies developed in this study hold the promise for further
refinement and application. The “Rotating Convolutional Kernel”, in particular, presents a
versatile tool that can be adapted and extended to other neural network architectures and
applications. Future research will explore these possibilities, focusing on enhancing the
adaptability and efficiency of CNNs across a wider range of platforms and applications.

In conclusion, our study not only addresses a critical challenge in the deployment of
intelligent surveillance systems but also contributes a set of tools and methodologies that
have the potential to revolutionize the efficiency of neural networks in resource-constrained
environments. As we continue to push the boundaries of what is computationally feasible
on low-end devices, we pave the way for a new era of intelligent, accessible, and efficient
computing at the edge.
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