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Abstract: Computer vision is considered as an ally to solve business problems that require human1

intervention, intelligence and criteria. This topic of research has evolved in XXI century at faster peace,2

delivering various alternatives from open source until commercial platforms. With so many options3

and market growing, it result difficult to make a decision on which one to use, or even worse, realize4

it was not suited for different scenarios. In this paper we analyze five options selected arbitrarily and5

tested on a dataset of 755 images to detect persons in an image, using object detectors. We analyze6

elapsed time to process an image, error with observations by humans, number of persons detected,7

correlation of time and person density, object detected size and F1 Score, considering precision and8

recall. As we found there are score ties and similar behaviors among options available, we introduce9

a novel index that takes in consideration the number of persons and their pixel size, to propose the10

Vision Acuity Index of Computer Vision. The results demonstrate this is a good option to serve as11

indicator to make decisions. Also, this index proposed have a potential to be expanded for different12

business use cases, and to measure new proposed algorithms in the future along with the traditional13

metrics used previously.14

Keywords: Computer vision; performance metrics; Yolo3, AWS Rekognition, Azure Computer Vision15

1. Introduction16

Computer vision is a great tool that performs identification of objects. Those objects can be17

telephones, chairs, tables, food, and even persons. Other uses are for face recognition, obtain face18

landmarks to identify if the person is wearing a beard or glasses, or if the person is smiling or frowning.19

The algorithms have evolved a such point where authorities of national security have relied on this20

technology to identify people at immigration gates at airports, or allow passengers to board a plane21

just by showing their face. Among other uses is the object counting, useful for manufacturing, package22

tracking and measurement for parcels, find defects on production lines, or find a parking lot space in a23

busy mall. As all this examples show, the business use of computer vision is very broad. Researchers24

and enterprises are offering options to solve the most challenging use cases, but they often tend to claim25
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their solution, algorithm or Application Programming Interface (API) is the best option. Companies26

are facing now this new challenge, how to select or rank the considered options for their business27

problem, as there are algorithms which performance is very close to each other, and the current metrics28

such as precision, recall, accuracy and F1 Score are the same for some options. This makes difficult for29

enterprises and academics to choose a specific option, or what could be the best option for their use30

case. In this paper we propose a new metric named Vision Acuity Index (VAI) for computer vision. This31

index takes in consideration the size and density of objects along with the current performance metric32

used broadly and well accepted like F1 Score. To test our proposed index, we use person detection,33

therefore, we created a dataset of 755 pictures randomly acquired from Flicker.com containing persons34

(from none to crowds) to be tested against five existing alternatives: i) Yolo3, ii) Yolo3Tiny, iii) AWS35

Rekognition (API), iv) Azure Computer Vision (API), and v) HOGCV. We ran each image through each36

of the five alternatives or options, and record elapsed time, levels of confidence, returned objects, and37

size of each object. Each picture processed is converted to grayscale and draws green rectangles on38

the picture for surrounding the person detected and adds a red dot to make easier for humans to see39

the persons found. Also, manual observation is recorded to track true positives, true negatives, false40

positives and false negatives to calculate F1 Score.41

The paper is organized by sections. Section 2 do a review of related work. Section 3 describes the42

methodology and introduces VAI calculation. Section 4 shows the results of deep analysis performed43

on the metrics recorded and calculated along with VAI calculation and discuss why this index helps to44

differentiate and select among computer vision alternatives. Finally, section 5 presents conclusions45

and the future research.46

2. Related work47

There are different alternatives evolved during time and used broadly in the industry and research.48

As a brief history summary of milestones, it can be listed Viola-Jones Detector (2001), followed of49

Histogram of Oriented Gradients (HOG) (2006), and Deformable Part-Based Model (2008). Then,50

AlexNet is the milestone of convolutional neural network (CNN) usage for object detection (2012).51

From that point two braches emerge Two-stage detectors (from 2014 to 2017), which have outstanding52

examples like Recursive-CNN, Spatial Pyramid Pooling Network, Fast Region CNN, Faster Region53

CNN, Mask Region CNN and Feature Pyramid Networks. Almost in parallel, in 2016 one-stage54

detectors arrived with You Only Look Once (YOLO), Single Shot Multi-box detector (SSD), RetinaNet,55

SqueezeDet and CornerNet [1]. from this list, we have an interest on YOLO and HOG to be part of56

our experiment as they have implementations available in python that are popular and have been57

benchmarked with Microsoft Common Objects in Context (MS COCO) trained and test datasets.58

You Only Look Once (YOLO) algorithm was developed by Redmon, J. et al. in 2016. The59

processing of images is simple, inspired by human eye mechanism, where the eye glance and image60

and know what objects are seen, characteristics and interpret context. YOLO resizes the image, execute61

a single layer convolutional network and use thresholds of confidence to return if an object is detected.62

The proposed algorithm divide image into a square grid, and each grid cell is responsible to detect63

objects, predicting a bounding box and confidence score [2]. YOLO next version named YOLOv264

introduced a 19-layer network (Darknet-19) improving in speed but loosing accuracy [3], and YOLO365

improved accuracy by sacrificing speed by adding a 106 layer of convolutional networks called66

Darknet-53, shown in Figure 1. The main metric for accuracy on these models have been mean average67

precision (mAP) [4]. Tiny YOLOv3 was developed as a simplified version of YOLOv3, it uses seven68

layers (instead of Darknet-53) and the features are identified by small layers of 1X1 and 3X3, but at the69

end the loss function is the same as YOLOv3 [5].70

Histogram of oriented gradients (HOG) has been used since 2006 to detect objects and persons71

and it is based on magnitude and orientation [7] with horizontal and vertical gradients computed to72

later calculate magnitude and angular orientation, dividing the image into cells and grouping the cells73

in blocks. Blocks are overlaped to find orientations for the same cell to form histogram bins sorted74
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Figure 1. YOLOv3 Architecture of Darknet-53. Source image: [6]

and combined into a final total histogram. Developed by Dalal and Triggs [8] summarized in equation75

1, this algorithm has been applied to images and later on in films and videos. In Python, there is an76

implementation in OpenCV library that uses HOG (HOGCV) as a built-in library, originally developed77

in C++ and now available for python 1.78

Th = Bi ∗ Bδ ∗ NB (1)

where Th is the total number of features found by HOG descriptor, Bi are the blocks of the image,79

Bδ are block sizes and NB are the number of bins.80

For API available there are commercial alternatives from leaders of cloud service providers (CSP)81

reported on Gartner’s magic quadrants (2020). Those are Amazon Web Services, Microsoft Azure and82

Google Cloud Platform (GCP). The APIs available are AWS Rekognition 2, Microsoft Azure computer83

Vision 3, and GCP Image analysis 4. There are others alternatives available like IBM Watson Vision 5
84

and Cloud Sight 6. Each API has a different return information, but similar for object detection. Usually,85

the APIs return object probability, type, and coordinates based on the image input. The variables and86

values are different. For instance, AWS Rekognition returns the proportional value of coordinates87

x, y and width and height w, h as a ratio within the range [0,1], and confidence in percentage in range88

[0,100]. Azure returns coordinates as absolute position and as well as width and height, however the89

confidence is a percentage in the range [0,1].90

In the reviewed literature for measuring accuracy or performance it has been a constant to use91

Average Precision (AP) [9] and mean Average Precision (mAP) [3–5,10]. AP finds the area under the92

precision recall curve from 0 to 1 expressed as:93

AP =
∫ 1

0
p(r)dr (2)

Another performance evaluation is Receiver Operating Characteristic (ROC) and the Area Under
the Average ROC (AUC). The input indicators are recall and false positives, and mean accuracy (mA)
was also used for object detection algorithms [11]. Equation 3 takes in consideration Positives Pi and
Negatives Ni and λ as the number of attributes.

mA =
1

2N

λ

∑
i=1

(
TPi
Pi

+
TNi
Ni

) (3)

1 https://docs.opencv.org/3.4/d5/d33/structcv_1_1HOGDescriptor.html
2 https://aws.amazon.com/rekognition
3 https://azure.microsoft.com/en-us/services/cognitive-services/computer-vision/
4 https://cloud.google.com/vision
5 https://www.ibm.com/es-es/cloud/watson-visual-recognition
6 https://cloudsight.ai/
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An experimental approach proposed by [12] measured the performance using accuracy using94

as inputs number of misses and number of misdetections. Another relation measured is the95

Accuracy/Speed trade-off [9] when studying focal loss for imbalance between foreground and96

background when doing object detection.97

The approach proposed by Xin Gao [13] inlcudes concepts of Precision, Recall, and F-Score, and98

Percentage of Wrong Classification (PWC), in addition to frame-oriented metrics such as multiple99

object detection accuracy (MODA) and multiple object count (MOC). F1-Score is widely reported in100

literature and it is a well accepted in statistics.101

In the literature review there is no mention to the concept of acuity applied to object detection.102

This opens the opportunity to propose VAI supported on previous measurements.103

3. Methodology104

As literature and commercial vendors report, there are a good variety of options of computer105

vision algorithms to detect objects, in this case, persons within an image. Some of these options can be106

found available as open source or as a library, with trained and optimized models ready to be imported107

and used directly on the images or video. Others are available as application programming interface108

(API) receiving upload image and return metadata in Java Simple Object Notation (JSON) format. No109

matter what path is chosen, each option has specific performance related to number of correct objects110

labeled, confidence percentage and speed of processing.111

As it is proposed at the beginning of this paper, in a public place there will be persons walking by112

at different distances, and therefore, there will be smaller objects that computer vision may or may not113

have difficulty to detect. In a human analogy, it could be expected a smaller person would have more114

difficulty to be identified opposed to a larger person, which could be easily identified. This is a human115

medical and optical concept known as vision acuity. As computer vision or algorithms usually are116

measured by accuracy, precision, recall or F1-Score or F2-Score, but not by how small the object can be117

detected, it is important to define the vision acuity index (VAI) of computer vision (Υ) algorithms (or118

commercial APIs) by:119

Υj = log(
n

∑
i=1

ωiS−1
i )F1j (4)

Where ω is the confidence (probability) of object detected in the range [0,1], S represents the120

proportional surface of object detected in relation to the whole image surface, as defined in 5, and F1j121

is the F1 Score of the whole image.122

S =
wh

WH
(5)

Where S is the proportional surface of object, w, h are object’s width and height in pixels returned by123

algorithm, and W, H are the image’s width and height in pixels.124

125

126

The methodology to find this index is described in Figure 2 with five steps detailed in the following127

sub sections.128

3.1. Prepare image dataset129

Image data can be troublesome to build. It involves searching and downloading until complete130

the appropriate number of samples. One way to achieve this is leverage automation and create a script131

to search and download the pictures from Flickr.com. Once an account is created, an API key was132

created to access the search engine directly from python scripts. Our python script consist of two steps:133
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Figure 2. Methodology to select the best vision acuity index of considered computer vision algorithms

1. Get URL list using from Flickr.com using the tag to search the site. In this case it can be used134

"person", "tourist", "pedestrian". It is recommended to do a quick search directly in Flickr to test135

the search tag (script 1.136

2. Take each URL to download and save the image for future processing. This is done with script 2137

With this dataset complete, the last thing to do is to standardize the width of each picture so the138

algorithms can be tested in similar conditions. In our case it was set to 600 pixels width. This is required139

also as Flickr is used to upload people pictures coming in different sizes and resolutions, resulting in140

pictures above 5,000 pixels wide. Those large sizes are not efficient for computer vision applications,141

and could lead to very slow performances. In addition, applications using video coming from security142

cameras or Industrial Internet of Things (IIoT) cameras usually consume standard definition (640 X143

480 pixels, or 480p) or high definition (1280 X 720 pixels, or 720p). Script 3 specify 600 pixels resize to144

every picture downloaded and stored locally.145

3.2. Identify object detection algorithms available146

From literature review and related work found, there are around 15 methods for object detection147

developed in this century. Three methods with person detection capacity available implemented148

in python or with pre-trained models were selected: Yolo3, YoloTiny and HOGCV. There are also149

commercial offers from the three leaders of cloud computing providers providing APIs for computer150

vision with object detection capacity to identify a person. From those, we selected Azure Computer151

Vision API and AWS Rekognition API.152

3.3. Run algorithms in the same dataset153

Each algorithm will scan each image from resized dataset. To track the outcome and be able to154

compare and correlate data, images have a naming convention of img_nnnn.jpg, where nnnn is the155

consecutive number starting in 0000. For each algorithm a script to process the dataset is required, as156

each method returns different metadata of found objects. To standardize the outcomes a simple data157

structure and guiding principles are defined as follows:158

• Results of scanned pictures have: a) picture id, that corresponds to image filename; b) image159

width and height (in pixels); c) number of persons detected; d) elapsed time to process the image160

(seconds).161

• Another report contains the metadata of each object detected stored as: a) picture id, that162

corresponds to image filename; b) object detected sequential number; c) object dimension in163

pixels, width and height; d) confidence of being a person, recorded in range [0,1].164

• Resized images (600px width x proportional scale height) are stored in color.165
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1 # ----------------------------------------------
2 # Script: Get images URLs by tag from Flickr.com
3 # By: Roberto Contreras-Masse
4 # ----------------------------------------------
5

6 from flickrapi import FlickrAPI
7 import pandas as pd
8 import time
9 import sys

10

11 key = #YOUR KEY HERE
12 secret = #YOUR SECRET HERE
13

14 PATH = #YOUR PATH TO SAVE FILES HERE
15

16 def get_urls(image_tag,MAX_COUNT):
17 flickr = FlickrAPI(key, secret)
18 photos = flickr.walk(text=image_tag,
19 tag_mode='all',
20 tags=image_tag,
21 extras='url_o',
22 per_page=50,
23 sort='relevance')
24 count=0
25 urls=[]
26 for photo in photos:
27 if count< MAX_COUNT:
28 count=count+1
29 print("Fetching url for image number {}".format(count))
30 try:
31 url=photo.get('url_o')
32 urls.append(url)
33 time.sleep(1)
34 except:
35 print("Url for image number {} could not be fetched".format(count))
36 else:
37 print("Done fetching urls, fetched {} urls out of {}".format(len(urls),MAX_COUNT))
38 break
39 urls=pd.Series(urls)
40 print("Writing out the urls in the current directory")
41 urls.to_csv(PATH + image_tag+"_urls.csv")
42 print("Done!!!")
43

44 tag = #YOUR TAG HERE
45 MAX_COUNT=50
46 get_urls(tag,MAX_COUNT)

Listing 1. Script to get image matching URLs from Flickr.com
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1 # ----------------------------------------------
2 # Script: Download and save images
3 # By: Roberto Contreras-Masse
4 # ----------------------------------------------
5

6 import csv
7 import requests
8 import os
9 import sys

10 import time
11

12

13 def put_images(FILE_NAME):
14 urls = []
15 with open(FILE_NAME, newline="") as csvfile:
16 doc = csv.reader(csvfile, delimiter=",")
17 for row in doc:
18 if row[1].startswith("https"):
19 urls.append(row[1])
20 if not os.path.isdir(os.path.join(PATH, FILE_NAME.split("_")[0])):
21 os.mkdir(FILE_NAME.split("_")[0])
22 t0 = time.time()
23 for url in enumerate(urls):
24 print("Starting download {} of ".format(url[0] + 1), len(urls))
25 try:
26 resp = requests.get(url[1], stream=True)
27 path_to_write = os.path.join(PATH, FILE_NAME.split("_")[0], url[1].split("/")[-1])
28 print (path_to_write)
29 outfile = open(path_to_write, 'wb')
30 outfile.write(resp.content)
31 outfile.close()
32 print("Done downloading {} of {}".format(url[0] + 1, len(urls)))
33 except:
34 print("Failed to download url number {}".format(url[0]))
35 t1 = time.time()
36 print("Done with download, job took {} seconds".format(t1 - t0))
37

38

39 PATH = #YOUR PATH HERE
40 FILE_NAME = # FILE NAME WITH URLS
41 put_images(FILE_NAME)

Listing 2. Script to download and save images
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1 # ----------------------------------------------
2 # Script: Resize images to same width
3 # By: Roberto Contreras-Masse
4 # ----------------------------------------------
5

6 from PIL import Image
7 import os, sys
8 import time
9

10 TAG = "manual"
11 PATH = "c:/Temp/datasets/" + TAG + "/"
12 PATH_RESIZED = "c:/Temp/datasets/" + TAG + "_resized/"
13 dirs = os.listdir(PATH)
14 RENAME_START = 861
15

16 WIDTH = 600
17

18

19 def rename(path, ext='.jpg', start=0, zeros=3):
20 os.chdir(path)
21 for i, filename in enumerate(os.listdir(path)):
22 if filename.endswith(ext):
23 print('[INFO] renaming ', filename)
24 os.rename(filename, path + 'img_' + str(i + start).zfill(zeros) + ext)
25

26

27 t0 = time.time()
28

29 if not os.path.isdir(PATH_RESIZED):
30 os.mkdir(PATH_RESIZED)
31

32 for item in dirs:
33 print(PATH + item)
34 if os.path.isfile(PATH + item):
35 file, extension = os.path.splitext(PATH + item)
36 im = Image.open(PATH + item)
37 # Obtener las dimensiones de la imagen
38 width, height = im.size
39 # calcular la razón del aspecto y calcular la nueva altura
40 aspectRatio = (width / height)
41 newHeight = WIDTH / aspectRatio
42 # Escalar la imagen
43 imResize = im.resize((WIDTH, int(newHeight)), Image.ANTIALIAS)
44 imResize.save(PATH_RESIZED + item, 'JPEG', quality=90)
45 print('[INFO] saved: {} ({}x{})'.format(PATH_RESIZED + item, WIDTH, int(newHeight)))
46

47 rename(PATH_RESIZED, '.jpg', RENAME_START, 3)
48

49 t1 = time.time()
50 print("Done with download, job took {} seconds".format(t1 - t0))

Listing 3. Script to resize all pictures to 600 pixels width
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(a) Original image resized (b) Computer Vision result
Figure 3. Example of image processed with persons detected by algorithm and draw boxes on persons
with red dot to identify each green rectangle center.

• Processed images are stored at independent location per algorithm, with same filename as the166

original images, but transformed in grayscale. Also, pictures will have a bright green rectangle167

and a red dot at object center to identify fast the person detected (see Figure 3).168

3.4. Test and validation169

In order to find the performance of methods of person detection and compare among them, the170

following steps are executed:171

• Analyze elapsed times. By analyzing the elapsed time distribution, along with minimum,172

maximum, mean and standard deviation, algorithms’ elapsed time or speed can be compared173

equally. Also, analysis of number of persons detected versus elapsed time can help to find174

the behavior of methods in crowded environments. Finally, it is important to find if algorithm175

describe a trend on elapsed time and persons detected.176

• Set a ground truth by human inspection. This is achieved by recording the human inspection177

of each picture regarding how many persons they detect. In our experiment eight volunteer178

students from Instituto Tecnológico de Ciudad Juárez participated and recorded their findings.179

This information is good to calculate the mean person detected by humans (mPDH).180

• Compare persons detected by each method against the mPDH to find in quick fashion the
error in each image. Three values can be obtained when using equation 6: a) error is negative,
meaning the computer algorithm under-detected persons; b) error is zero, meaning the computer
algorithm was accurate; and c) error is positive, meaning the algorithm detected more persons
than human eye.

εi = (CVi −mPDHi) (6)

where equation 6 ε is the measured error, i is the i− th picture, and CV is the number of persons181

detected by computer vision algorithm. Analyze the errors to identify anomalies and possible182

patterns on each algorithm/method.183

• Finally, calculation of F1 Score for each image is required in order to apply equation 4 to obtain
the VAI for that picture. F1 Score is done by equation 9.

P =
TP

TP + FP
(7)

R =
TP

TP + FN
(8)

F1Score = 2
(

PR
P + R

)
(9)
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Table 1. Elasped time (seconds) metric insights for all options

Option Mean Std Dev Max Min
Yolo3 1.763 0.0549 1.9957 1.6159
Yolo3Tiny 0.2086 0.0285 0.4023 0.1907
AWSRekognition 0.563 0.2617 2.508 0.312
Azure 0.3846 0.5133 10.4542 0.2402
HOGCV 2.2289 0.9864 6.7746 0.4259

Table 2. Number of objects detected metric insights for all options

Option Mean Std Dev Max Min
Yolo3 4.6361 4.3742 28 0
Yolo3Tiny 1.9226 1.9646 12 0
AWS Rekognition 6.0684 5.6611 30 0
Azure 2.4981 2.1816 16 0
HOGCV 3.8077 3.0267 15 0

• Knowing the VAI for each image, the average can be calculated to determine the best suited184

algorithm for our application.185

4. Results and discussion186

for this paper, it was required to identify the object "person" in different images. Using scripts187

1, 2 and 3 the dataset consist of 775 images, of different heights but same width (600 pixels). All188

pictures were stored in the cloud for easy access later. The images have the naming convention189

of "img_nnnn.jpg". The algorithms/models included in this study were Yolo3, Yolo3Tiny, HOGCV190

and two commercial APIs, AWS Rekognition and Azure Computer Vision. All object detection was191

executed with python scripts using Google Colaboration environment with GPU enabled notebook,192

reading the images from the same location in Google Drive, acting as a local drive for the notebook.193

Results of objects are stored in individual files with naming convention "confidences_[METHOD194

NAME].csv" and image performance results are stored in individual files following the naming195

convention "resultados_[METHOD NAME].csv".196

4.1. Time elapsed analysis197

The first analysis was option’s speed performance. From data insight shown in Table 1 it198

can be observed the fastest option is Yolo3Tiny and the slowest is HOGCV; Azure presented the199

maximum elapsed time with more than 10 seconds, and Yolo3Tiny reported the minimum elapsed200

time. Figure 4 shows the resulting distribution of each option, where HOGCV presents a double lump201

distribution, suggesting two main groups of elapsed times, while the rest of options shows a more202

regular distribution.203

Another data coming from the observations is the number of objects detected per image. Table 2204

shows the insights of this metric, having the highest mean of detected objects from AWS Rekognition,205

with 6.06, followed by Yolo3 recording 4.63. Maximum number of persons found is 30 (AWS206

Rekognition) followed, again, by Yolo3. It is interesting to observe the other options in maximum207

persons have near 50% of success.208

It is important to find if there is observable correlation between the number of objects detected209

and the speed of the algorithm. Figure 5 shows Azure as the most uniform performance with less210

variations, although the rest of the options behave in similar fashion. Only HOGCV shows that double211

pattern.212

Figure 6 shows a correlation between Yolo3Tiny speed and maximum number of objects detected.213

It can be observed it is the lowest elapsed time but also the lowest number of objects found; Azure214

follows similar pattern as well as Yolo3. It is also interesting to observe HOGCV with second worst215
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(a) Yolo3 (b) Yolo3Tiny (c) AWS Rekognition

(d) Azure (e) HOGCV
Figure 4. Elapsed time distributions for each option

(a) Yolo3 (b) Yolo3Tiny (c) AWS Rekognition

(d) Azure (e) HOGCV
Figure 5. Objects found vs Elapsed time for each option
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number of objects detected having the highest elapsed time. The other exception is AWS Rekognition,216

which has the third best elapsed time average but the best number of objects detected.217

Figure 6. Elapsed time compared versus maximum numbers of objects detected

Finally, the last analysis on the topic is regarding trends, looking for an increase of time for a218

busier image. In this experiment there is no trend showing higher the number of persons in a picture,219

the higher the elapsed time. Figure 7 shows all trendlines compared in a single chart.220

4.2. Error human versus computer vision221

Computer vision methods may detect exactly all persons in an image as the human eye, or a222

different amount. The result cannot be measured as a label and the process is manual to achieve a223

"true" value of persons in an image. In this experiment, eight students volunteer to review each of the224

775 pictures in the dataset and record how many persons they see. In figure 8 it can bee seen there are225

differences between what humans often see and what a computer vision algorithm can "see". There226

are cases where human and computer vision match. Based on that analysis it can be conclude the227

average of persons detected by humans in each image is acceptable to be the "ground truth", and it228

can be compared against each algorithm option available to measure the error based on equation 6,229

taking mPDH as the true label to match. Table 3 shows the results of error ε where Yolo3Tiny is the230

Figure 7. Elapsed time compared versus maximum numbers of objects trendlines
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Figure 8. Comparison of averages of persons detected by humans and persons detected by computer
options, including each volunteer observation (dots) images 0 through 100.

Figure 9. Computer vision error against mPDH in all options available.

worst option detecting less objects than human just followed by Azure, and the best option is AWS231

Rekognition. Exact number of objects detected, meaning ε = 0, the highest option become Yolo3,232

commercial APIs are very close in performance, and the worst option is Yolo3Tiny. When algorithms233

surpass naked eye, AWS obtained the highest value, almost six times better than Azure. Figure 9234

shows the dispersion and calculating the standard error of mean (SEM) by dividing standard deviation235

over the square root of number of observations, as stated in Equation 10.236

SEM =
σ√
n

(10)

The SEMs are: SEMYolo3 = 0.0949, SEMYolo3Tiny = 0.1315, SEMAWS = 0.1177, SEMAzure = 0.1405,237

and SEMHOGCV = 0.1617. The least SEM is Yolo3 option, and the second best is AWS, while worst238

option is HOGCV. This metric is very useful, because just plotting the errors could mislead the239

interpretation. Figure 10 shows the comparison of algorithms errors from best and worst SEM, Yolo3240

and HOGCV respectively. It can be seen easily on the figure plotting their errors doesn’t show a241

significant difference to conclude HOGCV is worst than Yolo3.242

Table 3. Error count per option divided by less objects found (ε < 0), equal match (ε = 0), or more
objects found (ε > 0)

Option ε < 0 ε = 0 ε > 0 Total
Yolo3 341 225 209 775
Yolo3Tiny 659 91 25 775
AWS 234 160 381 775
Azure 553 158 64 775
HOGCV 426 112 237 775
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Figure 10. Yolo3 (best SEM=0.0949) errors compared against HOGCV errors (worst SEM=0.1617) in all
observations.

Figure 11. Analysis of object found size in pixels for all options

For the 775 images in the dataset all algorithms registered 14757 objects found. Figure 11 describe243

a very regular object width and size, with two outstanding findings. First, Azure seems to be more244

relaxed in the location of object within the image, it presented a slight higher value in both dimensions.245

The second finding is HOGCV is the tightest are among these five options. That could explain why its246

performance was not very good compared with the other four. Each object was detected with a specific247

confidence, and Figure 12 shows the distribution of those confidences by option available. From this248

analysis, AWS seems the best confidence with the majority of their findings above 0.9 confidence. Yolo3249

follows the same distribution pattern. Among these two options, AWS detected 1110 more objects than250

Yolo3, and have mean confidence of 0.9085, while Yolo3’s mean confidence is 0.9184. Azure seems to251

be the next best option with 0.7 confidence mean. HOGCV confidence is kind of low showing 0.1777252

confidence mean. Yolo3Tiny confidence mean is 0.7309, however it has the lowest quantity of objects253

detected. Those findings could suggest Yolo3 and AWS Rekognition are behaving similar. When we254

compared confidence level against proportional object size in relation to image size, AWS Rekognition255

and Yolo3 describe a very similar pattern, and the most likely to this behavior is Azure (Figure 13).256

4.3. Vision acuity index257

As the previous results are not conclusive to determine which method is the best suited for258

our case, additional analysis is required. The next step is to obtain the precision and recall of all259

pictures produced (analyzed) by each algorithm. This require manual effort as it requires to record260

true positives, true negatives, false positives and false negatives. Again, a group of volunteer students261

of computer engineering program recorded these four metrics on each picture. Because of the error262

dispersion and discrepancies found during error analysis phase, those results suggest different number263

of persons detected, different dimensions or boxes where the person is located, and possibly, persons264
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Figure 12. Analysis of confidences of each object detected by option available

(a) Yolo3 (b) AWS Rekognition (c) Azure
Figure 13. Bivariate graphic of confidence level and object’s proportional size

missed or misclassified. Three examples are shown in this section, one with single person (Figure265

14), one with multiple persons of similar proportions (Figure 15) and one cxample with multiple size266

persons.267

Figure 14 is 600 x 899 pixels. Yolo3 found correctly the person of size 319x705px with a confidence268

of 0.9933. Yolo3Tiny did not detect the person, so it’s a false negative. AWS detected correctly the269

person of 339x675px with confidence of 0.9764. Azure foun the person of 327x668 px with a confidence270

of 0.816. Last, HOGCV detected two persons (false positives) of sizes 66x132 with a confidence of271

0.0979.272

Figure 15 has six persons on the image, corroborated by human eye, in a picture of 600x399px.273

Yolo3 recorded six persons with confidence average of 0.9871 and person sizes of 100x226 in average.274

Yolo3Tiny has succeeded only to detect five persons with average confidence of 0.7029 and object size275

average of 113x203px. AWS recorded six persons with average confidence of 0.9746 and object size276

average of 106x207. Azure also detected six persons but the average confidence was 0.6758 and average277

object size of 106x212px. Last, HOGCV recorded twelve persons (5 true positive, 6 false positive, 1278

false negative) with an average confidence of 0.1763 and average object sizes of 76x153px.279

It is clear the performance of algorithms, areas of detected persons and confidence levels are280

different. In the last example, the size of each person were similar, the picture was centered and they281

had the similar pose. Even so, the HOGCV couldn’t detect correctly the persons, Yolo3Tiny missed282

one, and the rest presented good results. The F1 Score of each algortihm for this picture was Yolo3 = 1,283

Yolo3Tiny = 0.90, AWS and Azure = 1, HOGCV = 0.56.284

Last example from the dataset is Figure 16 showing a person in first plane and then five more285

bystanders in different sizes. Again, Yolo3 detected five persons with F1 Score of 0.9091, Yolo3Tiny and286

Azure found one person and reached F1 Score of 0.2857 each, AWS found all six persons, therefore its287

F1 Score is 1, and HOGCV detected one person and provided a false positive for a F1 Score of 0.2500.288

These results are interesting and also can mislead the decision to select the best option for a289

specific application. It was found equal F1 Score for two algorithms but with different person detected.290

Figure 15 and 16 are excellent examples of this problem. In Figure 15, same F1 score 1 is shared by291
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Figure 14. Example of single person detected in image with one person (true positive) and how a
method can miss the person detection (HOGCV). Foto source: Flickr.com

Yolo3, AWS and Azure, but can’t decide the best option; Figure 16 Azure and Yolo3Tiny obtained F1292

Score of 0.2857. Fq Score by itself can’t determine the option to choose. Also, Azure detected the larger293

person while Yolo3Tiny detected one of the smallest, showing the size of object plays a part when294

detecting objects. Similarly, even Yolo3 and AWS have high F1 Scores, AWS could detect the smallest295

object (the one behind the largest person) with 228px2. Here is where the concept of vision acuity296

index (VAI) is relevant.297

To apply Equation 4 on Figure 16 we obtained the confidence levels and dimensions of each object,298

and the F1 Score for the image, summarized in Table 4. By using VAI, it can be observed that even299

Yolo3Tiny and Azure share the same F1 Score, their VAI is different, showing Yolo3Tiny’s VAI of 0.8712300

while Azure’s VAI is 0.3427. This can be interpreted as Azure looks for larger objects, or Yolo3Tiny301

can detect detail better. VAI for AWS and Yolo3 shows a significant difference meaning AWS is more302

detailed oriented or it can have a better acuity.303

To discuss in depth the results obtained applying VAI, Table 5 shows the VAI obtained for each304

Figure and option available. Figure 14 obtained F1 Score of 1 with Yolo3, AWS and Azure, meaning the305

three of them are excellent options. By calculating VAI, it shows Azure has a lower index compared to306

Yolo3 and AWS, and Yolo3 has a slight edge over AWS. That is explained as Yolo3 reported a higher307

confidence level on each object detected. In Figure 15, where all persons are of similar dimensions,308

Yolo3, AWS and Azure again obtained a perfect F1 Score. Once again, Azure has the lowest VAI of309

those three. This is explained as the confidence reported by Azure in each of the persons detected has310

a mean of 0.6758, and that could lead to false negatives in real applications or multi-object detection.311

Yolo3 and AWS differ slightly again on VAI. Yolo3 had a mean confidence of 0.9871 and AWS had312

0.9746, however, AWS reported tighter boxes, meaning a preciser object location, therefore higher VAI.313

5. Conclusions and future research314

The analysis performed with 755 images and five options of algorithms or APIs for detecting315

persons resulted in 3,775 images analyzed with precision, recall, F1 Score, performance speed and316

errors in person detection. We observed that choosing an option for speed may not deliver the317

effectiveness desired, and therefore, the application or business problem to solve would not be as318

effective as initial thought. Also, make a decision for the solely number of persons detected also could319

mislead the choice. In this methodology we observed the need to validate with supervised analysis the320

performance of computer vision options to know ahead of time, what should be the results required.321

Although, relay on this solely variable is cumbersome and requires a vast amount of time investment322
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Figure 15. Example of multiple person detection with similar size. Foto source: Flickr.com

Figure 16. Example of multiple person detection of different sizes. Foto source: Flickr.com

Table 4. VAI calculation for image in Figure 16

Option Available Conf. (ωi) Dimensions (i) px2 Prop Surface (Si) F1Score VAI
Yolo3 Obj1: 0.9995 58X175 10150 0.0425 0.9090 2.8081

Obj2: 0.987 16X40 640 0.0027
Obj3: 0.9785 13X43 559 0.0023
Obj4: 0.9775 18X42 756 0.0032
Obj5: 0.938 29X71 2059 0.0086

Yolo3Tiny Obj1: 0.7884 8X21 168 0.0007 0.2857 0.8712
AWS Rekognition Obj1: 0.9969 27X74 1998 0.0084 1 3.3807

Obj2: 0.9962 63X179 11277 0.0472
Obj3: 0.9947 14X40 560 0.0023
Obj4: 0.9925 12X40 480 0.002
Obj5: 0.9813 14X40 560 0.0023
Obj6: 0.8845 12X19 228 0.001

Azure Obj1: 0.744 62X181 11222 0.0469 0.2857 0.3427
HOGCV Obj0: 0.306 99X197 19503 0.0817 0.2500 0.2050

Obj1: 0.306 117X218 25506 0.1068
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Table 5. VAI comparison on each option available for example Figures

Figure Option Available F1 Score VAI
Fig. 14 Yolo3 1 0.3770

Yolo3Tiny 0 0
AWS Rekognition 1 0.3620
Azure 1 0.3042
HOGCV 0 0

Fig. 15 Yolo3 1 1.8025
Yolo3Tiny 0.9091 1.4253
AWS Rekognition 1 1.8127
Azure 1 1.6422
HOGCV 0.5556 0.9406

Fig. 16 Yolo3 0.9091 2.8082
Yolo3Tiny 0.2857 0.8713
AWS Rekognition 1 3.3808
Azure 0.2857 0.3427
HOGCV 0.25 0.2050

(a) Histogram and distribution of VAI index for
Yolo3 in dataset

(b) Empirical cumulative distribution

Figure 17. VAI index calculated for all 755 images on dataset for Yolo3 algorithm
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to have a good evaluation. This will eventually lead to evaluate the results with F1 Score, however, it323

was also observed the F1 Score is not enough to decide the option to use in an application.324

The novel Vision Acuity Index provides a better comparison measurement to evaluate two or325

more options that may have the same F1 Score or similar metrics. This is very important when you326

are trying to select the option for a business application, and the only measurement they have is327

commercial specifications, or data scientist training their own solutions, or leveraging an existing one.328

The business projects can get a lot of benefit by using this VAI as a method to select object detection329

algorithms, as now they can evaluate what happens if the environment change or the variables are not330

the same. As an example, counting people waiting on line for cashier for a retail store chain can have331

different vantage points, layouts and distance among the stores, making interesting to evaluate which332

object detector to include and invest on. In the same idea, counting people where the variables are333

fixed and under control, may or may not get the same performance of the same algorithm used for334

other scenario.335

While analyzing different angles to find the best set of parameters to allow us select the best336

suited algorithm or option, we developed the methodology that can be used as a starting point for337

other researchers to build on top of ours. We noticed a side finding as Yolo3 and AWS Rekognition are338

similar. Similar speed, similar object detected boxes and sizes, close confidences in detection, and very339

similar pattern when comparing confidence level and object proportion. Therefore, this methodology340

proof that can be well suited to analyze open source and commercial options.341

For future research, we need to apply VAI methodology for additional options such as RetinaNet,342

CornerNet (as options for one-stage detectors), SPPNet, Fast-RCNN, FPN (as options of two-stage343

detectors) and additional commercial options such as Google Cloud Platform. For further application,344

we will apply this methodology for a real world problem, using live video feed, extending the VAI345

concept with frame processing.346
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Abbreviations354

The following abbreviations are used in this manuscript:355

356

AP Average Precision
API Application Programming Interface
AUC Area Under Average ROC
AWS Amazon Web Services
CNN Convolutional Neural Network
HOG Histogram of Oriented Gradients
mAP Mean Average Precision
mPDH Mean Person Dectected by Humans
ROC Receiver Operating Characteristic
SEM Standard Error of Mean
URL Uniform Resource Locator
VAI vision Acuity Index
YOLO You Only Look Once
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