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Sight is a fundamental sense for humans, and individuals with visual 

impairments often rely on assistance from others or tools that promote 

independence in performing various tasks. One crucial aspect of aiding 

visually impaired individuals involves the detection and counting of objects. 

This paper aims to develop a simulation tool designed to assist visually 

impaired individuals in detecting and counting human objects. The tool's 

implementation necessitates a synergy of both hardware and software 

components, with OpenMV serving as a central hardware device in this study. 

The research software was developed using the Haar Cascade Classifier 

algorithm. The research process commences with the acquisition of image data 

through the OpenMV camera. Subsequently, the image data undergoes 

several stages of processing, including the utilization of the Haar Cascade 

classifier method within the OpenMV framework. The resulting output 

consists of bounding boxes delineating the detection areas and the tally of 

identified human objects. The results of human object detection and counting 

using OpenMV exhibit an accuracy rate of 71%. Moreover, when applied to 

video footage, the OpenMV system yields a correct detection rate of 73% for 

counting human objects. In summary, this study presents a valuable tool that 

aids visually impaired individuals in the detection and counting of human 

objects, achieving commendable accuracy rates through the implementation 

of OpenMV and the Haar Cascade Classifier algorithm. 
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1. Introduction 

Vision is one of the fundamental human senses that fosters survival instincts. It enables humans to 

effectively engage with their environment. When someone loses their sense of sight, it profoundly 

influences their social life. Individuals with visual impairments often transition from an independent 

lifestyle to a pattern of dependency on others for making decisions related to various aspects of life. 

These include determining directions for navigation, interpreting signs and informational markings in 

their vicinity that could pose risks, and addressing privacy concerns that they cannot resolve 

independently [1] [2].  

Impaired vision leading to blindness can be categorized into several distinct situations. While 

some individuals are blind from birth, others experience vision loss due to diseases or other factors. 

Those who are blind from birth typically perceive nothing but darkness in their visual field. People 

coping with blindness often use canes as aids for navigation. They navigate by relying on their sense of 

smell, attentively listening to the sounds in their surroundings, tactile sensations from objects they 

encounter or touch, keeping track of the number of steps taken, or recollecting familiar landmarks and 

previously traversed routes [3]. 
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In daily life, individuals who are blind often rely on assistive devices or assistance from others. 

One such tool that assists them in understanding their surroundings, particularly in unfamiliar 

environments, is a cane. However, this tool has limitations, such as not being able to discern objects that 

are beyond its immediate reach [4]. 

As a result, various navigation aids for individuals with visual impairments have been 

developed. One of these aids is the Electronic Travel Aid (ETA), designed to detect objects at ground-

level heights within a home environment. Additionally, a Wearable Navigation System has been 

developed to provide location information and identify the quickest routes to desired destinations for 

individuals with visual impairments [5]. 

When it comes to counting and conveying information to blind individuals, object counting plays 

an integral role. This information, including crowd sizes, the number of objects present, and other 

supplementary details, can significantly enhance the understanding of the environment for blind 

individuals [6]. 

The field of object counting represents a challenging aspect of computer vision. Researchers have 

devoted considerable attention to this subject due to its broad practical applications. These applications 

encompass diverse domains, ranging from calculating mass and counting living cells to animal 

population assessments for ecological research, environmental surveys, and determining the quantity 

of palm oil during the oil production process [7]. 

When considering alternative means of navigation, aside from object counting, object detection 

stands as a fundamental pillar in addressing this challenge. It even offers the possibility for individuals 

not to actively participate in the navigation process [8]. 

Developing tools to assist individuals with visual impairments, based on prior research, 

necessitates a synergy of both hardware and software components. The hardware encompasses various 

elements, including the initial input of information data, the processing of information, and the delivery 

of information required by individuals with visual impairments. These three hardware capabilities are 

designed to be portable and user-friendly. Among these, a crucial tool resides in the information 

processing segment. One such compact, portable tool that can be seamlessly integrated into other 

devices and accepts input data in the form of images from individuals with visual impairments, 

subsequently processing this input into valuable information, is the OpenMV system. 

OpenMV is a small microcontroller with a function like Arduino [9], [10]. It exhibits lower 

memory usage, reduced latency, and greater accuracy when compared to Arduino [9]. Additionally, 

OpenMV is equipped with a camera to capture input data in the form of images, which are subsequently 

processed using the microPython programming language [10]. OpenMV offers an array of modules 

designed to support object detection and counting, including the Haar Cascade classifier method. This 

method relies on Haar features extracted from images, with testing data matched against reference 

information stored in .xml format [11]. 

The primary objective of this study is to develop a simulation tool for the detection and counting 

of human objects utilizing the Haar Cascade Classifier and OpenMV methods. The Haar Cascade 

algorithm is a commonly employed technique in object detection systems [12] [13], renowned for its 

rapid object detection capabilities in digital images. For this particular system, human object detection 

and counting involve classifying the human body into one of three categories: the entire body, upper 

body, or lower body, with a focus on the upper body due to its prevalence in digital imagery. The 

computational process within this algorithm centers on quantifying the differences between dark and 

light pixels. 

The complete package tool is not the concern of our study. This focus if this paper concerns one 

of the pioneering concepts within our research in this field. Consequently, our investigation has 

centered on identifying the primary hardware and software requirements. We intend to showcase and 

assess the utility of object detection and counting systems utilizing the Haar Cascade classifier method 

on OpenMV devices based on the results generated by the system. The image data used in this system 

is sourced from the camera module of the OpenMV device. We process these images and videos to 

evaluate the implementation of the object detection and counting system using the Haar Cascade 

method on OpenMV devices. Furthermore, we compare the test results obtained from OpenMV with 

those from OpenCV, both utilizing the same Haar Cascade classifier. 
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For evaluation purposes, we have assembled a collection of image data from the OpenMV camera 

module. Our testing regimen comprises four distinct types of tests: assessing the impact of object 

distance from the background, evaluating the effect of the contrast between objects and the background, 

analyzing the effect of object condition, and examining the influence of lighting conditions. We perform 

three types of processing: image processing with OpenCV, image processing with OpenMV, and video 

processing with OpenMV. These tests are designed to gauge the success rate of object detection and 

counting using the OpenMV tool. 

This paper is structured into four main sections: Part 1 provides an introduction to the research 

background, Section 2 presents a review of the current state of the field, Section 3 outlines the research 

methods employed, and Section 4 offers a comprehensive presentation of the results and corresponding 

discussions. Finally, in Section 5, we draw conclusions based on the findings of this study. 

2. Materials and Methods 

This section provides an overview of various aspects related to the title. Subsection 2.1 discusses object 

detection, Subsection 2.2 explores object counting, and Subsection 2.3 explores the Haar Cascade 

method. 

2.1. Object Detection 

In recent developments within the field of object detection algorithms, significant emphasis has been 

placed on the precise identification of faces, skin colors, and surveillance cameras [14]. A scientific article 

highlights how object detection accuracy can reach up to 95% through MATLAB 2017b simulations, 

making it feasible for implementation on high-spec computers. This literature underscores the 

possibility of implementing object detection with a reasonably high level of accuracy, even on systems 

with moderate specifications, thereby optimizing computational efficiency. 

Within the field of object detection, person detection constitutes a crucial aspect, focused on 

identifying human-like objects within images. The process involves defining the coordinates, tagging, 

and labeling of these human objects within an image.  A study [15] provides insights into the 

implementation of person detection using YOLO 3, which has been evolved into PDnet. This 

development revolves around the optimization of the clustering algorithm within YOLO 3, aimed at 

reducing distortion and enhancing accuracy in the detection of humans. 

Additionally, Lodhi et al. [8] employ YOLO3 to detect objects for navigation on Autonomous 

Ground Vehicles (AGV). The outcomes presented in this paper indicate 3.7 detection errors within a 

viewing distance ranging from 2.5 to 5.5 meters, based on images captured by the camera. 

2.2. Object Counting 

Counting the number of objects has become increasingly important in the present context. The 

utilization of HFNet for object counting, as demonstrated by Zhang et al. [16] has yielded competitive 

results in tallying crowd and vehicle data. In a separate study, Börold, et al. [17] developed an automatic 

calculation system tailored for the automotive industry's product objects, leveraging deep learning. 

Their findings suggest that accurate detection of car components is contingent on the correct packaging 

of these components. 

Kakehi, et al [18] introduced a deep learning-based object detection technique for identifying and 

counting Pacific oyster larvae, achieving an accuracy rate of 82.4%. Meanwhile, Liu, et al [19] performed 

object calculations with a focus on addressing variations in detected objects, posing challenges in multi-

class object detection and routing. In a related context, Yang [20] explored multi-class objects using a 

tracking-by-detection strategy, stemming from automatic counting of cotton seedlings, with a Root 

Mean Square Error (RSME) value reaching 0.394. 

Rodriguez-Vazquez, et al. [21] performed object calculations using the CNN and Laplacian of 

Gaussian object detection methods. The results showed that the position of the detected object could be 

mapped well to support the object calculation process. Li He at al [22] designed a deep-scale aggregation 

network dedicated to object counting, yielding commendable performance for the automatic calculation 

system they developed. Lastly, Zhang Yanchao, et al. [23] performed fruit fruit counting using 

panorama and deep learning object detection methods. Their study highlights the high accuracy 

achieved when working with high-quality input images, showcasing the method's superior efficacy in 

object counting compared to previous approaches. 
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2.3. Haar Cascade 

A signature serves as a critical means of identifying individuals and plays a pivotal role in document 

legalization. In this study, the Haar Cascade method is introduced as a tool to differentiate between 

signatures and Persian writing. The results demonstrate that Haar Cascade can yield satisfactory 

outcomes, achieving an actual accuracy rate of 92.42% in distinguishing Persian Latin text and correctly 

identifying signatures composed in various styles [24]. 

In the literature review conducted within the respective subsections, the Haar Cascade method 

is applied to detect objects within other objects, specifically focusing on motorcycles within zebra 

crossings, which is a violation of regulations in Indonesia. The specified criterion considers a motorcycle 

user's object label as non-compliant when it occupies 50% or more of the zebra cross square object. The 

findings reveal that detection accuracy can reach 83% when using a 720P resolution camera in crowded 

conditions. This study underscores the pivotal role of image quality in influencing the accuracy of the 

Haar Cascade classifier [13]. 

In the subsections explaining the literature study, one of the prevalent urban challenges is traffic 

congestion. To address this issue, the author suggests implementing traffic control systems to enhance 

traffic management efficiency. Haar Cascade emerges as a rapid implementation method, with timing 

calculations tailored to specific locations. Its primary function lies in object counting to monitor changes 

in traffic duration. 

Dawn et al [25] employ the Haar Cascade Classifier method to index images and subsequently 

compile similar images based on queries generated from the original image. The research yields valid 

results for identical images while producing false values for images with similar pixel values. 

Recently, Aarthi and Harini [26] designed an innovative and efficient traffic light system utilizing 

the Haar Cascade Classifier. This system detects object clusters, adjusting traffic light timers 

accordingly. As a result, traffic congestion is reduced by up to 60%. employ the Haar Cascade Classifier 

to filter facial images from Instagram searches based on hashtags. In a real-time context, Ulfa et al. [28] 

perform frame detection on motorcycle users using the Haar Cascade Classifier, achieving frame 

processing speeds as quick as 40 milliseconds. 

2.4. Observing the Object 

Data utilized in this research is sourced from the camera module of the OpenMV device, consisting of 

four distinct types of tests: assessing the impact of object distance from the background, evaluating 

disparities between objects and the background, considering object conditions, and accounting for 

lighting conditions. The processing phase is segmented into three categories: image processing with 

OpenCV, image processing with OpenMV, and video processing with OpenMV. All three scenarios 

utilize the same classifier method, namely the Haar Cascade. It is worth noting that different tools are 

employed for image capture in the OpenMV and OpenCV processes. OpenMV captures images at a 

significantly lower resolution compared to OpenCV scenarios. 

Images captured on the OpenMV device have a maximum resolution of 5MP, while the device can 

only process images at a maximum resolution of 240P. If an image exceeding 240P resolution is supplied 

to the OpenMV device, it may crash and fail to continue the processing. Conversely, the image input for 

the OpenCV test scenario utilizes a cellphone camera with a 48MP resolution. In terms of video handling 

on OpenMV, the simplest algorithm operates at a frame rate ranging from 25 to 50 FPS. The system 

employs a dataset focused on human upper bodies for human object detection. Upon detecting the upper 

portion of a human body within an image, the system delineates a square around the object and furnishes 

information regarding the number of objects detected. 

2.5. Proposed Tools 

The simulation tool introduced in this paper utilizes a compact tool known as OpenMV and processes 

input image data using the primary Haar Cascade classifier method. The testing location selected for this 

study is the State Polytechnic of Malang campus, encompassing both indoor and outdoor lighting 

conditions. 

The way this system works is shown in Figure 1. Notably, the second-to-last stage takes place 

within OpenMV. The process is described as follows: collecting data using an OpenMV camera, 

processing the data by converting it to grayscale, performing an integral image calculation, combining 

weak classifiers into robust classifiers using the AdaBoost cascade classifier. 

http://doi.org/10.26594/register.v9i2.3175
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Fig. 1. Method Stages 

2.6. Determining Haar Feature in Grayscale Image 

The grayscale image is subsequently processed using Haar-like features, employing training data to 

construct a decision tree within the cascade classifier. The objective is to ascertain the system's capability 

and identify the presence of human objects within each processed frame. 

a) b) 

c) d)  

Fig. 2. Haar Feature 

The presence of the Haar feature shown in Figure 2 is determined by subtracting the average pixel in the 

dark area from the average pixel in the bright area with equation (1). It is essential that all images are 

transformed into an average value normalized from previous variations to ensure consistent brightness 

levels. This normalization process results in images with reduced variation compared to others, 

minimizing information loss during assessment. 

𝐹(𝐻𝑎𝑎𝑟)  =   ∑𝐹𝑊ℎ𝑖𝑡𝑒 − ∑𝐹𝐵𝑙𝑎𝑐𝑘          (1) 

with ∑𝐹𝐵𝑙𝑎𝑐𝑘  =  the number of black pixels, ∑𝐹𝑊ℎ𝑖𝑡𝑒 = the number of white pixels, and 

𝐹(𝐻𝑎𝑎𝑟)  =  𝐻𝑎𝑎𝑟 − 𝑙𝑖𝑘𝑒 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 
When the Haar-like feature surpasses a specific threshold, it indicates the detection of an object 

within the examined area. Consequently, program code blocks that efficiently compute Haar-like 

features enable code to utilize substantial memory and processing resources [29]. 

2.7. Integral Image Process 

The essential image processing step involves simplifying feature calculations using Haar-like features to 

expedite the detection process. Calculating features without employing an integral image results in a 

higher computational load compared to when using an integral image. An integral image is where each 

pixel is the sum of the pixels from the top left to the bottom right. 
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The utilization of integral images, as depicted in Figure 3, simplifies the process of calculating the 

number of pixels within a specific area of the image. Subsequently, a machine learning technique known 

as AdaBoost is employed to choose the particular Haar feature for use and establish the threshold value. 

2.8. Integral Image Process 

The Adaboost cascade classifier process, as illustrated in Figure 4, aims to accelerate the object 

classification procedure. Adaboost, short for "adaptive boost," is a learning algorithm employed for 

object detection. This algorithm operates by combining numerous weak classifications into a more 

robust one. Within Adaboost, a specific feature with a dynamically adjusted threshold value is 

automatically determined for human object detection. This threshold is subsequently utilized to 

establish the minimum value required for a feature to pass through a filter. 

Fig. 4. Cascade Classifier Diagram  

The filter contains criteria for determining whether the input image contains human elements. 

The highest weight is assigned to the first filter, primarily designed to swiftly identify whether a feature 

contains an object. If a feature fails to be detected by the first filter, it is categorized as "not an object." 

Conversely, when a feature successfully passes through all filters, the corresponding area within the 

image is classified as a human object. 

2.9. The OpenMV Camera 

The OpenMV camera shown in Figure 5 is a compact, energy-efficient, and cost-effective camera. This 

circuit board is designed to facilitate rapid machine vision capabilities. Notably, programming can be 

carried out using Python, specifically MicroPython, rather than relying on C/C++. It is worth mentioning 

that Python can effectively handle various intricate outputs in machine vision algorithms. Furthermore, 

an additional advantage lies in the camera's capacity to generate code for conveniently controlling I/O 

pins. MicroPython simplifies the complexity of OpenMV, enabling it to trigger image capture and 

execute algorithms concurrently while processing I/O pins. The simulation tool featured in this study is 

presented in Figure 6. It encompasses results that include object captures and their corresponding 

environmental conditions, bounding boxes indicating the detection of human objects, and a numerical 

display of the total count of detected human objects. 

  
Fig. 5. OpenMV Camera Fig. 6. Display of Detection and Counting of Human Objects 

3. Results and Discussion 

As previously outlined, the tests conducted in this paper are categorized into several sections. These 

tests encompass an examination of the impact of object-to-background distance, disparities between the 

object and the background, object conditions, and the influence of lighting conditions. The testing 

environment for these experiments was at the State Polytechnic of Malang. It is noteworthy that the 
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image resolution used was 240P for OpenMV, 48MP resolution for OpenCV input, and a video frame 

rate ranging between 25 and 50 FPS. 

3.1. All Human Counting Results 

 
Fig. 7. Counting Results 

Figure 7 presents the comprehensive results of human counting. The system achieved its highest 

object detection and counting accuracy during testing when using OpenCV for image processing, 

reaching an 82% accuracy rate. It is important to note that this test employed a system designed for 

detecting and counting human upper bodies, as these are commonly present in images featuring human 

objects. While OpenCV yielded impressive results, it is essential to recognize that it may not be 

accessible on smaller hardware platforms like OpenMV. Despite its slightly lower percentage, OpenMV 

achieved a commendable object detection accuracy rate of 71%. To attain even better performance than 

OpenMV, video input, as opposed to images, was utilized, resulting in an accuracy rate of 73%. 

OpenMV, which employs the MicroPython programming language, offers distinct advantages by being 

compatible with microcontrollers, as indicated by Plauska et al.’s research [30]. These advantages 

include lower complexity, greater developer-friendliness, suitability for beginners, and faster coding 

capabilities. This flexibility sets it apart from OpenCV, which utilizes the Python language, although 

both OpenCV and OpenMV boast numerous libraries [31]. In specific hardware-related scenarios, they 

serve different purposes. 

The bar chart below employs a rating scale of 10 for total objects, considering that the number of 

objects tested in each scenario exhibits varying differences. Figure 8 reveals that the highest detection 

and accurate counting percentage for object detection and counting was achieved in image testing 

conducted with OpenCV processing. Scoring 9 out of 10 in detection accuracy is noteworthy, given that 

OpenCV offers greater flexibility in image resolution compared to the lower resolution images captured 

by the OpenMV camera. 

 
Fig. 8. Object Detection Results - Testing the Effect of Distance on the Image 
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Fig. 9. Object Counting Results - Testing the Effect of Object Color Differences on the Image 

Analyzing the impact of color differences, as depicted in Figure 9, reveals that the most precise 

object counting and detection results are obtained in images processed with OpenMV, particularly 

when evaluating higher color differences. The test outcomes indicate that the system tends to struggle 

in detecting and counting objects with low color contrast against the background color, especially in the 

case of OpenCV, which can only detect approximately 7 out of 10 objects in such scenarios. In contrast, 

OpenMV demonstrates the ability to detect objects even when they exhibit minimal color contrast. 

 
Fig. 10. Object Counting Results - Testing the Effect of Object Conditions 

After conducting tests to assess the impact of color differences, the most precise counting and 

detection results were observed in scenarios examining object conditions, as depicted in Figure 10, and 

object conditions with lighting effects, shown in Figure 11. The detection results using video in OpenMV 

demonstrated high accuracy similar to that of OpenCV. These tests revealed that the system is capable 

of detecting and counting objects under normal conditions but faces challenges when certain objects 

obstruct the view of human objects, causing them to extend beyond the chest area or when human 

objects are oriented sideways. In such situations, the system may fail to recognize these objects as human 

objects. 

 
Fig. 11. Object Counting Results - Testing the Effect of Light 

The majority of successful detection and accurate counting results were obtained in image testing 

with OpenCV and video images with OpenMV. This testing indicated that the system generally 

succeeded in detecting and counting objects across various locations, including both indoor and outdoor 
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settings when objects were well-illuminated. However, detection failures with OpenMV primarily 

occurred in bright outdoor lighting conditions. The high contrast in outdoor settings led to elevated 

grayscale values in OpenMV, diminishing the quality of object detection in these conditions. 

3.2. Human counting results using image data on OpenMV 

The evaluation of the human object detection and counting program involves direct processing with the 

OpenMV device under various environmental conditions and object positions. This testing is conducted 

to gauge the success rate of human object detection under different image conditions when processed 

directly with the OpenMV tool. 

Notably, the maximum distance at which objects can be detected using OpenMV processing is 

identical to that achieved with OpenCV, which is 4 meters, as depicted in Figure 12. It is important to 

observe that the distance between the human object and the background does not significantly affect 

the detection results. However, the detection results are influenced by the spacing between human 

objects, as illustrated in Figure 13. In scenarios where there should be two distinct human objects, the 

system tends to detect them as a single human object when using OpenMV processing. 

 
Fig. 12. Distance Testing of One Object 

  
Fig. 13. Distance Testing of Two Objects 

Objects with colors nearly identical to the background color may not be detected by the system 

due to the inherent limitations of the Haar Cascade algorithm. This algorithm can only detect objects 

with distinctive color differences compared to their surroundings when using OpenMV for processing, 

as illustrated in Figure 14. Interestingly, it was observed that error detection results were more prevalent 

when using OpenMV processing compared to OpenCV. 

 
Figure 14. Contrast Color Testing of Objects 

The system's capability lies in detecting and counting human objects by focusing on the upper 

body. Consequently, it can still detect and count human objects even when the lower body is partially 

obscured by other objects. Notably, there are disparities in the test results between processing with 

OpenMV and OpenCV. In OpenMV processing, the system may fail to detect and count human objects 

when the upper abdomen is obstructed by a barrier. Conversely, when using OpenCV processing, these 

objects can be successfully detected and counted by the system. Furthermore, an additional difference 

is evident in Figure 15. When processed with OpenMV, the system may detect and count objects facing 

away from the camera as two human objects, whereas OpenCV processing typically recognizes and 

counts such objects as a single human object. 
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Fig. 15. The human object is facing away from the camera. 

A system utilizing OpenMV processing for image analysis demonstrated the capability to detect 

human objects under three different lighting conditions. However, under bright outdoor lighting 

conditions, the system encountered difficulties in detecting and enumerating human objects. Out of the 

four object detection and counting tests conducted, three yielded accurate results. 

4. Conclusion 

This paper has successfully developed a simulation tool designed to assist individuals with visual 

impairments in detecting and counting the number of human objects using OpenMV and the Haar 

Cascade Classifier. Notably, OpenMV exhibits a more lightweight profile compared to other 

microcontrollers. The evaluation results reveal that utilizing the Haar Cascade algorithm on OpenMV 

devices for object detection and counting yields a lower detection rate when compared to using OpenCV 

on PC devices. Specifically, the detection rates are 82% for OpenCV and 71% for OpenMV. This disparity 

in accuracy can be attributed to the lower resolution of the OpenMV camera compared to the high-

resolution camera used with OpenCV. Further research stemming from this study suggests the need for 

a tool supporting higher resolution than OpenMV to enhance data accuracy. Nevertheless, the 

employment of the Haar Cascade method as a classifier in OpenMV demonstrates a commendable level 

of accuracy, which is not too distant from the performance of OpenCV, despite the substantial difference 

in image resolution. 
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