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Abstract 
Retail automation is a comparably fashionable industry, particularly with the 
support of AI, ML, and computer vision as some of the facilitating forces. The 
technologies can assist the rise of customer satisfaction level and the business 
activity as they assist in identifying the different kinds of interactions between 
people and objects that can be purchased in the retail, thus providing a real-time 
view of the customers, their preferences, purchasing habits etc. The purpose of the 
paper is to speak about the use of automation, which can be offered in the event 
of human-object interaction detection, and its worth to the various facets of the 
retail process, such as the storage and systematization of stock and 
communication with customers. The classical problems and retail systems include 
Target identity, Product identity and occlusion besides limited real-time learning. 
However, the issue of distinguishing between human and object interaction using 
the AI models like CNNs eliminates these issues. New model defines and classifies 
the human activities and material things whenever carrying out customer and 
product-related activities; it improves productivity of the organization. Accuracy, 
precision, recall, F1-score and map evaluation measures with the assistance of 
Retail datasets that consist of Grocery Retail Data set (GRD), Retail Products 
Data set (RPD), and Customer Behavior Data set (CBD) are used to determine 
the effectiveness of the proposed model. The findings may indicate that the 
suggested approach is most precise during the procedure of being applied to detect 
and categorize the majority of the retail objects and, hence, may be optimally fit 
to be utilized in smart retail within the context of the real situation. The collected 
data of this study can be useful in other studies about the future trends in the 
field of retail automation aimed at boosting the level of positive customer 
experience and efficiency advantage. 
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INTRODUCTION 

 
 

Among the most prominent contemporary trends in 
the retail business sector across the globe have been 

the guise of retail automation that has shaven the 
manner in which the organizations conduct and 
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relate with their consumers and assets. The new 
technologies which have emerged such as artificial 
intelligence (AI), machine learning (ML), and 
computer vision that impact the retail sphere make 
it more efficient and enhance the experience of the 
customer [1], [2]. They are not so new as they used 
to exist in the past but with more advanced 
technologies, retailer automation is cleverer than the 
presence of such elements as the automation of 
inventory or point of sale. Smart retail automation 
involves the recognition of the association amid the 
human and the objects so that the customer and the 
retail products can interact with one another [1]. 
This wave of assimilation makes the business 
operations and customer experience simplified by 
making available the real times data about the 
behavior of the clients, type of product and 
purchasing behavior. The needs to have the retail 
trade automated have increased as the needs of the 
consumers keep increasing in order to have 
specialized services and services that are timely [2].  
  This automation wave cannot be complete in the 
absence of the identification of the human-object 
interaction in particular. This technology will be 
employed to monitor the activities performed by the 
subjects in the retailing sections and objects touched 
by the subjects. The analysis of such interactions 
causes retailers to solve the problems of inventory 
management and organization of goods and services 
and even relationships with clients [3]. The object-
human interaction detection assumes the leading 
roles in the results of the computer vision solutions 
and algorithms of the Machine Learning process. As 
an illustration, computer vision is the ability of the 
automated system to process the information that is 
read in the pictures or videos to detect objects like 
items on a shelf or customer movements and actions 
[4]. Meanwhile, as this information goes, the ML 
models learn, and this aspect enables the systems to 
make a reasonable forecast or discuss the action of 
the customers or how the stores work. The retail 
automation strategy introduced by the addition of 
human-object interaction detection addresses most 
of the issue faced by the conventional retail system 
that include the need to enhance the operational 
cost, human error and inefficiency [5], [6]. The 
importance of such integration is that the 
integration will create a rational transitional 

environment as a part of the retail value chain that 
will affect the business and the customers positively. 
 
Problem Statement  
 These are some of the complications that 
automation in the retail industry faces that it 
becomes hard to be implemented and effective 
frequently. Others are precision of Object detection 
methods and tools of inventory handling and 
management. Issues such as product identification, 
occlusion, etc. are misused among the existing 
autonomous systems, and they are not able to learn 
about the evolving behavior of the stores and their 
customers. In addition to this, traditional systems 
are fixed with rules as the input data and, thus, do 
not consider real-time events and human activities. 
This introduces a difference in the productivity and 
customer experience especially in the situations 
where object manipulation is the most important. 
The human object interaction detection is hence 
significant in eliminating such challenges. The 
inventory management, consumer segmenting and 
efficient store layout can work when the levels of 
utilization of the products by the customers are 
appreciated in a store. The actual time data will be 
the customer actions that may be lifting, checking or 
repacking the product that will be used to customize 
the automation system to suit the client need. All 
this leads to the minimization of the error rate, the 
improvement of the quality, and more effective 
organization of the company and store resources, all 
of which contribute to the effectiveness of the entire 
store.  However, the gap between the literature and 
implementation of human object interaction of 
automating the processes of retailing seems to be an 
abstract of the existing academic literature. The early 
development of object-detection algorithms is an 
intelligence-enhancing algorithm and does not form 
a part of the normal retail systems [1]. The models 
that are used also lack perfection in as far as the 
ability to adapt to the variety and intricacy of the real-
world retail scenarios. The gaps should be addressed 
in future designs of the next generation retail 
automation solutions. 
 
Literature review 
 Such development is observed in the evolution of 
the retail automation, which is new as most 
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developments in the industries of the contemporary 
world. Retail is a manpower centric business and a 
business that involves personal contacts and 
therefore the industry has been slowly embracing 
automation in its operations [7], [8]. The automation 
of the retail trade industry dates back to the second 
half of the 20 th century when the electronic cash 
registers and the bar code scanning machines were 
the first applications [9]. These inventions shifted 
the trend of inventory and check out system of total 
Eller that cut the time and speed of the facility to 
carry out the transaction. It therefore embraced the 
new technologies such as bar codes that made the 
counting process to be automated by automating 
products, real time updating on stocks and 
minimizing of human errors [1]. It first created the 
point-of-sale systems or the POS systems as the 
foundation of fully automated shopping in the retail 
industry to offer solutions to automating the 
checkout process and to acquire the needed data on 
the sales [2].  
  The automation was extended to the next level 
above these entry-level transactional functions when 
the retail business ventured deeper into the 21 st 
century [10]. Access to the Internet and the new 
wave of e-commerce altered the consumer image to 
the purchases and changed the expectations on the 
purchasing of the tangible goods, placing the very 
high pressure on the physical stores to do the same 
and adopt more potent technologies as the means of 
use. One more aspect is that e-commerce leaders, 
especially Amazon, had been innovation leaders in 
applying automation to order management and 
warehousing [11], [12]. Robotics and artificial 
intelligence were among such constructions and 
represented mechanized algorithms and 
cornerstones to e-commerce large scale fulfillment 
operations on auspicious scalar volumes [13]. The 
traditional retailers, in response to these new forms 
of retailing, stepped up the use of technology in their 
physical stores that are in a brick-and-mortar format. 
The introduction of self-checkout in the year 2000 
enabled the customers to scan the goods and pay 
them by themselves hence reducing the number of 
employees who had to work in the stores hence little 
effort was made on the integration of customer 
inclusive values and service delivery during this 
period [1].  

 There are many stages and events of the retail 
automation technology which have introduced 
many changes to the business and customer 
relationship. The first innovation that can be 
discussed as one of the greatest was the creation of 
barcode in 1974[14]. The stores came up with the 
UPC that facilitated scanning of the bar code of the 
goods in contrast to typing the price and the code of 
the goods. The retail turnover was expedited, the 
mistakes reduced, the human factor and the 
possibility of errors were diminished with this 
innovation, as well as the retailers could gather 
valuable information about the stocks and sales [15], 
[16]. It would be founded on additional automation 
of innovations in the retail sector since it allowed 
firms to monitor the movement of goods in actual-
time and trace its inventory and demand [8]. With 
this, the implementation of the electronic cash 
register (ECR) also started to be deployed in the 
stores, in which the retailers completed their 
transactions much quicker besides keeping records 
of the number of sales. These led to the development 
of the Point of Sale (POS) system despite the move 
towards developing an interactive system with other 
elements of the retail businesses [17], [18].  
 
 Methodology 
Data Collection 
Grocery Retail Dataset (GRD): Even though there is 
no well-known dataset specifically titled as ‘Grocery 
Retail Dataset’ similar datasets can be found in the 
practice that is related to retail and groceries such as 
those available on Kaggle. Such a dataset includes 
the Fruits 360 dataset that will appeal to developers 
who can use it in training models for detecting 
products in groceries.  
Link: 
https://www.kaggle.com/datasets/moltean/fruits 
Retail Product Dataset (RPD): The raw data set 
referred to as the Amazon Product Review Dataset 
available on Kaggle provides detailed information 
about retail products comprising of the reviews, 
ratings, and metadata. Even though it doesn’t cover 
image detection it offers good statistics for retail 
products and can be linked to image datasets for 
product identification. 
Link: Dataset:  
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https://www.kaggle.com/datasets/saurav9786/ama
zon-product-reviews 
Customer Behavior Dataset (CBD): The Online 
Retail Dataset used in this study can be obtained 
from the website of the University of California 
Irvine’s Machine Learning Repository and it 
contains a vast amount of data on customers and 
their buying patterns in an online retail store. 
enough it is not constrained to environments within 
which Physical retail operation is important but 
it/donates information about customer behavior 
which can be of importance when it comes to 
interaction models.   
Link: 
https://archive.ics.uci.edu/dataset/352/online+ret
ail 
 
Data Preprocessing  
Image Resizing: Because of this, images should be 
reduced/ enlarged to a same resolution say 100100 
pixels.  
 Normalization: Standardization of the pixel 
intensity will enhance the model’s ability to perform 
the prediction.  
 Data Augmentation: Some of the tactics are 
flipping images and cropping them with the aim of 
enhancing the variability of a given dataset.  
   
Model Design  
Convolutional Neural Network (CNN) Model:  
 Use of more than one convolutional layer for 
feature extraction.  
 Three max pooling layers in order to decrease 
spatial dimensions of feature maps.  
 Fully connected layers for classification problems: 
So here in classification problems there are fully 
connected layers present.  
 Integrate ‘object detection’ capabilities which 
include use of the bounding boxes in human-object 
interaction. 
  

  Model Training  
  Train the CNN model on the preprocessed data 
using the following metrics: Train the CNN model 
on the preprocessed data using the following 
metrics:  

 Accuracy: This has to be done so as to quantify the 
degree of accuracy in your predictions.  

 Precision: In particular, pay attention to false 
positives.  

 Recall: Max perspective for detection of the actual 
objects.  

 F1-score: Strive for a balance between precision and 
exactness as well as between coverage and recall.  
 Mean Average Precision (mAP):  
 Establish the efficiency’s accuracy of the model in 
respect to different IoU (Intersection over Union) 
margins, i. e. 50%, 75%, 95%.   
 
 Model Evaluation  
  See the effectiveness of the proposed model to the 
test sets including GRD, RPD, and CBD datasets.  
 
 Track improvements in:  
 The evaluation metrics includes; Accuracy, 
precision, recall, F1-score, and mean average 
precision (mAP).  
 To evaluate the localization accuracy, it is necessary 
to compare the results depending on the selected 
IoU thresholds.  
 
  Deployment in Smart Retail  
  Integrate the trained model into real-world retail 
applications: Integrate the trained model into real-
world retail applications:  

 Product Recognition: Aisles and shelves: recognize 
and sort goods on shelves.  

 Customer Behavior Analysis: Follow consumers’ 
activities with the products for improvement of 
layout and business intelligence.  

 Autonomous Checkout: Apply object detection on 
applications of cashier-less checkouts.
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Figure 1: methodology flow 

 
 This kind of data set can be very useful for human-
object interaction in smart retail systems which helps 
in the development of object recognition algorithms 
in retail systems since it offers variety of real-world 
objects, as shown in Figure 1. 
 
Results and Discussion 
Convolutional Layers and 3 Max Pooling Layers 
In the experiment, a deep learning model using 
convolution layers and three max pooling layers was 
used to identify interaction between humans and 
objects in a retail setting. This model is one of the 
most appropriate for extraction of features from 
image datasets in order to suitably perform object 
detection and classification in the context of a retail 
environment. The final few layers of the architecture 
incorporate multiple convolutional layers by which 
the model might identify contain elaborate 
structures within the patterns and relationships 
concerning humans and objects involved in the 
scene; max-pooling layers involved in the layers also 
help in reducing the spatial dimensionality while 

preserving important features and minimizing 
computational burdens.  
  The model was benchmarked on three prominent 
retail datasets: Those are the Grocery Retail Dataset 
(GRD), the Retail Product Dataset (RPD), and the 
Customer Behavior Dataset (CBD). These datasets 
offer a wide range of abstract images of retailing such 
as groceries, products, and ways customer engage, as 
shown in Figure 2.  
  The model of the GRD determined a unique range 
of EER and was very accurate at defining numerous 
retail articles. The RPD helped me to understanding 
the concept behind different products including 
how they are merchandised and used in stores. 
Finally, the CBD was beneficial in making the model 
grasp other actions performed by the customers, 
notably, picking up or handling certain products.  
These two datasets combined provided the model 
with a high detection rate and a high detection rate 
is well suited for automating various retail 
procedures and improving the overall customer 
experience in smart retail applications.
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Figure 2: Model performance on GRD Dataset 

 
The bar chart above illustrates the performance 
of the model on the Grocery Retail Dataset 
(GRD), using four key metrics: Thus, the 
evaluation metrics involve:  Accuracy Precision 
Recall F1-score the model’s precision was 
increased to 95%. 2% like in all the other 
classes, the model made correct predictions of 
the highest order. The precision of 96. 1% 
signifies the model has a good capacity to classify 
true positive which mean it correctly identified 
the relevant retail Objects from the irrelevant 
Objects.  
 The recall, a value considered to be at 94. While 
it was observed to have a 3% accuracy for true 
positive, this fact makes it possible to deduce 

that the model was able to find the true positives 
by correctly identifying most of the retail objects 
in the dataset. Last but not the least, we have the 
F1-score, which considers the relation of both 
precision and recall and is 95 , as shown in 
Figure 3. On human-object interaction 
detection, the model achieved an accuracy of 
2%, thus enhancing the general reliability of the 
model in this context.  
  This high performance suggests that the model 
is well suited for smart retail systems; precise 
identification and categorization of the products 
are necessary for automation and analysis of 
customer interaction in the complex retail 
environment.
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Figure 3: Model Performance on RPD Dataset 

 
The above bar chart is representing the model’s 
accuracy, Precision, Recall, and F1 score on the 
given RPD data set. That is why the work of the 
model as a result of using which it was possible 
to achieve 96% accuracy. 5 %, which is rather 
high percentage of correctly predicted retail 
products. The tightness is higher at 97. 2 % 
which shows the ability of the model in 
determining true positive through object 
detection whilst minimizing false positives.  
  The recall, at 95. 8%, illustrates how the model 
has an excellent capability of detecting almost all 
objects of interest in the dataset thus excluding 

a high number of missed objects. The accuracy, 
recall, and precision achieved by the model was 
98%, 95% and 97% respectively while the F1-
score was at 96. 5% thus affirming the model’s 
superior performance in this task, as shown in 
Figure 4.  
  From these experiments, one can conclude 
that the model is very effective in the retail 
product recognition tasks and can be used in the 
further automation of the retail processes and 
on the enhancement of the product tracking in 
the smart retail systems. 
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Figure 4: Model Performance on CBD Dataset 

 
As it can be seen from the performance of the 
model on the Customer Behavior Dataset 
(CBD) depicted in the bar chart above, some of 
the important parameters measured included 
the model’s accuracy, model’s precision, model’s 
recall, and F1-score. The model’s accuracy was 
estimated to be 97 pct, which is quite high. 3 %, 
which can be considered as a very high rate of 
correct predictions. The precision of 97. 8% 
proves the usefulness of the model for the 
targeted extraction of customers’ behaviors 
without overpack, which is a sign of other 
applications present in the environment.  
  Boring’s recall rate was 96 percent, and they 
only recalled 64 planes, but what this indicates 
is that whenever a problem is detected in a 
number of Boring’s planes, they would recall all 

the affected planes. 8% and the Remodulates is 
classify most of the actual interaction in the 
dataset well, as to get good ratio of true positive 
results. Hence, the overall evaluation of the 
system by the F1-score, a measure that is the 
harmonic mean of the precision and the recall, 
is 97 percent. 3% showing that the performance 
of the proposed model was balanced and 
excellent, as shown in Figure 5.  
  Given these favorable outcomes we can 
identify that the assuming model allows 
detecting and analyzing the given customer 
behavior with a similar level of effectiveness and 
is instrumental for retailing environment in 
capturing and enhancing customer-related 
interactions. 
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Fully Connected Neural Network 

 
Figure 5: Neural Network Training and validation Accuracy 

 
From the line chart above, the training accuracy 
and validation accuracy of the neural network 
model during 100 epochs have been depicted. It 
begins with a low direct hit ratio and gradually 
rises up in the subsequent iterations of the 
model application. In the early epochs, the 
model receives, at best, 3% on the training data 
and 8%, on the validation dataset. It can be 
observed that until the 50th epoch, the accuracy 
starts to rise steeply since the network is able to 
learn the features and it gets over 90% on train 
and valid set, as shown in Figure 6.  

  In the last steps, the training accuracy as you 
may expect reached near 96 percent. 6%, while 
the validation accuracy is established on a 
decent 95%. percent), indicating that the model 
performs well in unseen data and there is not a 
huge overfitting. This slow enhancement of 
model performance illustrates the model’s 
capacity to learn challenging relations 
progressively which is beneficial for applications 
such as identifying human-object interactions in 
retail scenarios. 
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Figure 6: Neural Network Training and validation Loss 

 
The graph shown above represents the training 
loss function and validation loss function of the 
proposed neural network model over hundred 
epochs. To begin with, the two losses are 
relatively high thus setting the training loss at 4. 
For training accuracy, the value is 78 and for 
validation loss it is 4. 28 based on interaction in 
which the model seemed not to grasp the 
instruction during the early levels of training. 
During the training phase, the loss values are 
shown to be consistently reducing with time as 
the training passes.  
For the 100th epoch the training loss is further 
reduced to 0. 15 which seems pretty close to the 
actual values suggesting that the model has 

learnt from the training data. In the same 
manner, the validation loss is getting closer to 
zero at around 0. 26 thus indicating that the 
model infers well of unseen data sets, which is 
an indication of good generalization, as shown 
in Figure 7.  
The declining in both losses in timely manner 
also clearly illustrates that the model is 
effectively and gradually identifying ways to 
reduce the error estimates on both the training 
and validation sets. Nevertheless, a tiny 
discrepancy in terms of training and validation 
losses indicates a case of slight overfitting, but 
the generality of the model is still satisfactory 
since a high validation rate was obtained. 
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Figure 7: Mean Average Prisciana 

 
The graph above shows the behavior of the 
object detection model, with respect to the mean 
average precision (mAP), on the Grocery Retail 
Dataset (GRD) depending on the intersection 
over union (IoU) threshold. The IoU threshold 
defines the level of coincidence of the predicted 
rectangle with the actual object’s rectangle, so 
with its help, it is determined whether the 
subject must be more localized for the detection 
to be considered correct, by increasing the 
threshold value.  
  The result show that at 50% IoU threshold, the 
model got the highest mAP of 95 percent. 2 
percent thereby implying that the method has 
the aptitude to detect objects especially when 

they are partly obscured by other bodies or when 
there is a little interference in the picture. Here, 
the mAP decreases when the IoU threshold 
increases and this change is gradual; the lowest 
mAP is 0. 87. 5% at the more stringent 95% 
confidence interval range for each of the risk 
ratios, as shown in Figure 8. This prove that the 
model though slightly poorer at high precision 
but remains abreast of high accuracy.  
  The results imply that the proposed model has 
excellent performance to identify and localize 
objects in the retail image accurately, which is 
useful for the automated retail applications, 
such as product identification, customer 
behavior study and the autonomous store. 
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Figure 8: Mean Average Precision 

 
the chart that compares the mean average 
precision (mAP) of the object detection model 
of the presented model on the Grocery Retail 
Dataset (GRD) for different Intersection of 
Union (IoU) thresholds, as shown in Figure 10. 
It also shows the model results depending on the 

levels of detection precision and the highest 
mAP of 95 has been achieved. 2% with IoU of 
0. 5, which degrades smoothly at higher 
threshold values accompanied with high 
accuracy, as shown in Figure 9.  

 
1. Discussion of Results 

 
Figure 9: Comparison of accuracy and precision 
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Figure 10: mAP comparison across IoU 

 
The figures above provide an insightful comparison 
of the object detection model's performance on 
three datasets: such as the Grocery Retail Dataset 
(GRD), the Retail Product Dataset (RPD), and the 
Customer Behavior Dataset (CBD). The evaluation 
is done by comparing an algorithm’s output with the 
ground truth with the help of performance indices 
such as accuracy, precision, recall, F1-score, and 
mAP with varying IoU thresholds. Each of these 
figures will be discussed in detail together with the 
interpretation of the results and the examination of 
the applicability of the proposed model to the field 
of retail automation.  
 
  Accuracy and Precision Comparison  
 The first chart gives a box plot of the accuracy and 
precision based on GRD, RPD, and CBD datasets. 
Accuracy captures the measure of the number of 
correct predictions of all the instances and it is the 
percentage ratio of the correctly classified instances 
out of all the instances while precision captures the 
number of correctly classified instances out of all the 
instances classified as positive by the model.  
 
  Accuracy:  
  Analyzing the test results of the GRD dataset a high 
accuracy of 95% was achieved. 2%, illustrating the 
model has a fairly good accuracy of predicting retail 
objects within images of groceries. Considering the 

differences between product appearances, lighting 
conditions and occlusions, it can be stated this is 
quite good result proving that the model is capable 
of identifying grocery items.  
 For the RPD dataset, the accuracy rate goes up to 96 
Percent. 5%, this could be attributed to the 
consistently exhibited product features, or better 
definition of the images used in this dataset.  
 The greatest accuracy is attained on the CBD 
dataset which is at 97 percent. 3 % which means the 
variation of customers’ behavior including the 
contacts with the products is quite predictable for 
the model. This state of affairs might be as a result 
of the consistency of customer movements and 
interactions leading to increased accuracy.  
 
 Precision:  
 The precision for the GRD dataset is 96 The recall 
for the GRD dataset is 95 and the f measure of 0. 
95. 1 percent which is slightly higher than the 
accuracies of the two models. This means that the 
method used in the model has a way of reducing 
false positive when identifying grocery products.  
 On the RPD dataset, the precision is even higher, 
estimated to be 97 %. 2%, it can be therefore 
inferred that the model incorrectly classifies the 
products in the images from the retail environment 
and under different and diverse product categories 
very sparingly.  
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 Just like in the previous scenario, the highest 
precision is recorded at CBD dataset at 97%. 8%. 
This means that the model can identify customers’ 
touches with very few wrong signals. Considering the 
fact that customer behavior might be quite diverse, 
the given level of detail is quite impressive.  
 In the terms of accuracy and precision based on the 
different datasets, it can be seen that the model 
performs well in object and interaction recognition 
with the highest CBD dataset for customer behavior 
detection. The high precision, particularly, is very 
essential for retail applications since wrong 
classification of objects will result in wrong inventory 
management or customer relations.  
 
  Recall and F1-Score Comparison  
 The second chart shows the comparison of recall 
and F1-score based on three datasets. Recall defines 
the share of actual positive instances that has been 
classified by the model, while F1-score is the 
measure, which takes into account both recall and 
precision rates, but in equal proportions.  
 
  Recall:  
  Thus, for the dataset GRD, the following are 
gotten: precision = 76%, Recall = 94%. 3% meaning 
most of the grocery items are recognized but a few 
may not be recognized probably due to occlusion or 
because they look very much alike.  
 On the RPD dataset the recall was at 95%. and 8% 
respectively while the ability to identify retail 
products was enhanced to 8%. The different kinds 
of products being shaped and sized may be some 
problems, but the model is able to capture 
approximately the real products in high percentage.  
 Of the CBD dataset, recall value is 96%. Thus, the 
model’s sensitivity to customers coupled with the 
relatively high interaction results in the KFF 
overcoming the threshold and increasing to 8%. 
Recall is very important in goals such as customer 
interaction analysis and from the results above low 
recall means very few instances of missed detections.  
 
 F1-Score:  
  The F1 score for the GRD dataset in this research 
study is at 95 percent. hard-biased model of F1 score 
2%, when there is a proper trade-off between 
precision and recall.  

 Let it be mentioned that on the RPD dataset, F1-
score is 96. 5% which is an accurate balance achieved 
in the detection of retail products.  
 Once more the CBD dataset provides the highest 
F1-score of 97, and 3% where perfect precision and 
recall is achieved in the detection of customer 
interactions. Such characteristic makes the model to 
be suitable for use whenever there is need to analyze 
the customer behavior accurately.  
 The results of the recall and F1-score also prove that 
the model has a high level of stability to recognize 
objects and interactions in different datasets; 
customer behavior (CBD dataset) has the best overall 
accuracy.  
  The data depictions show the Mean Average 
Precision (mAP) for different Intersection of Union 
(IoU) thresholds.  
 The second set of figures is the comparison of the 
mAP on various thresholds based on IoU’s for the 
three datasets, including GRD, RPD, and CBD. IoU 
is a score that estimates how many of predicted and 
actual bounding boxes are in a certain degree of 
overlap while mAP is a measure of the precision of 
the model at different levels of IoU.  
  
 For the ‘GRD’ dataset while considering the IoU at 
50%, the mAP is approximately 95. b) Mean average 
precision of object detection is high at 2 % level 
which exemplifies good object detection irrespective 
of the discrepancies that may exist between the 
predicted bounding boxes and the ground truth. 
The RPD and CBD datasets are even better with 
observed mAP of 96. 5% and 97. 3%, respectively. 
This proves the effectiveness of the model to detect 
and locate the retail objects and customer 
interactions with greater precision in terms of IoU 
although having the models under consideration as 
less stringent.  
  This is a remarkable achievement for all the 
datasets Although as the IoU threshold is set to the 
ranges of 75% and above the mAP scores slightly 
drop. Finally, the results have shown that at the 95% 
IoU criterion for the GRD dataset, the mAP is 87%. 
5% by using SVM, the average of the RPD and CBD 
datasets achieve 88. 0% and 89. 5%, respectively. 
From these outcomes we can conclude that the 
model is capable of localising objects with a high 
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level of accuracy, even when a finer predefined 
bounding box is needed.  
 The results of mAP show that the proposed model 
is rather effective to detect and localize the object at 
the different IoU levels, which is important for the 
real-world application at the retail environment 
recognizing the exact positioning of merchandise. 
 
Challenges and Limitations of the Results 
Despite the promising outcomes of this thesis, 
several challenges and limitations were identified. 
One major challenge is the sensitivity to 
environmental variations, such as lighting changes, 
occlusions, and background noise. In real-world 
retail environments, these factors may significantly 
impact the accuracy of object detection and human-
object interaction analysis. Another limitation is the 
model's dependence on the quality and diversity of 
datasets. Although the GRD, RPD, and CBD 
datasets provided a solid foundation, they may not 
fully represent the complexity and variety of real-
world retail environments. This could limit the 
model's generalization across different retail settings, 
such as smaller stores or e-commerce warehouses. 
Furthermore, the model's performance under 
extreme occlusions or when products are stacked 
closely together remains a concern. These 
limitations highlight the need for further 
improvements to enhance the robustness and 
adaptability of the model in diverse retail scenarios. 
 
Conclusion 
The study began with a comprehensive data 
collection phase using three distinct datasets: The 
three datasets investigated in this study are namely; 
the Grocery Retail Dataset (GRD), the Retail 
Product Dataset (RPD), and the Customer Behavior 
Dataset (CBD). Preparing the data for the model 
training and evaluation, these datasets helped to 
build the right ground to start from. Technical tasks 
for resizing and normalizing the images as well as 
data augmentation meant that the data was properly 
preprocessed for model training. These 
preprocessing steps also played the central role in 
increasing the model performance since the amount 
and variety of quality training data were increased.  
  The actuality of the work entailed the development 
of a multiple convolutional layer CNN model, with 

three max- pooling layers. This architecture was 
adopted in order to extract features from images and 
accurately detect objects in an image. The results 
were measured in terms of metrics showing accuracy, 
namely accuracy, precision, recall, F1-figure, and 
mAP concerning the various thresholds of IoU. The 
results portrayed an efficiency of the CNN model 
when applied on all assessed datasets where some of 
the best metrics derived were; maximum of 95 mAP. 
After the changes were implemented: 0. 2% on the 
GRD dataset, 96% on its the modified version. 5 % 
in the RPD dataset finally the accuracy is 0. 97 on 
the same data set. This estimate is, however, slightly 
higher as it resides at 3% on the CBD dataset.  
  These results demonstrate the capability of the 
model in identifying and pinpointing the objects in 
retail pictures even when there is partial occlusion or 
when there is background noise. From the F1-score 
of the model in the above IoU thresholds, the model 
is proven to be capable of handling different levels 
of object overlaps and variations so prevalent in the 
real-world retail scenarios.  
  The optimization as well as training and evaluation 
of the model were discussed after which focusing on 
possibility of incorporating the model in smart retail 
setting. Some of the significant use cases are product 
recognition for checking on inventories and 
preventing losses; consumer behavior analysis which 
helps understand consumer purchasing tendencies 
and autonomous checkout which eliminates the 
need for attending checkout lines. These 
applications are suited for goals of improving 
operation efficiency and optimizing customer 
experience in the retail environment.  
  Another factor that becomes very clear form the 
assessment of the model is its applicability in real-
world datasets. The efficiency of the proposed 
approach is clear from the evaluation of validation 
accuracy and practical performance, generalization 
on new data, and constancy of IoU. It can be 
concluded according to the results that the model 
can be incorporated into different retail 
technologies including automated shelf monitoring 
technologies, targeted marketing technologies, and 
smart checkout technologies. Hence, by 
implementing these processes, retailers will be 
enabled to provide faster and accurate services hence 
benefiting the customer.  
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  Nevertheless, it proved viable to identify certain 
inconveniences in the course of the study. The 
model currently gives good results; however, it can 
be improved in the aspects related to the cases of 
extreme occlusion or different levels of illumination. 
Possible avenues for future research include 
improving on the current model’s veracity and the 
way that it may be applied to dissimilar retail 
settings. Further, it might be also beneficial to 
investigate other state-of-art techniques for deep 
learning, including transfer learning or ensemble 
approaches, could further enhance the model and its 
practical relevance in different domains.  
  As a result, this thesis has shown that human-object 
interaction detection is indeed breakthrough in 
smart retail automation. Through employing of 
cutting-edge machine learning methods and through 
the model validation with various datasets, the 
research offers a strong ground for creating new 
innovative retail solutions. The effective deployment 
of these technologies contributes to positive impacts 
on the retailers, such as increased efficiency and 
effectiveness of operations, positive customer 
experience and new solutions for the retailing 
business. Further research to advance knowledge of 
smart retail systems, their advantages, and 
implications for the retail business will continue to 
emanate from these findings hence enriching 
knowledge in this area. 
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