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Abstract -

Automating productivity monitoring is crucial for improv-
ing the construction industry. To measure productivity, we
should identify which worker works for what object and their
relationship. The lack of understanding between human and
object interaction in a large-scale format from video surveil-
lance has become a significant challenge in construction sites.
However, the existing vision-based studies only focus on ob-
ject detection and activity recognition, which do not recog-
nize workers, objects, and actions simultaneously. This sit-
uation makes managers unable to measure the productivity
of the workers effectively. To address the issue, this study
applies the HOI technique, which consists of object detection
tasks and interaction prediction tasks through faster R-CNN
and graph neural networks (GNN). There are two groups of
actions in this interaction, including productive (installing,
preparing, and transporting) and non-productive actions (no
interaction) on the formwork structure. Our model achieves
0.674, 0.556, and 0.632 mAP scores of the local area, global
area, and average area of the objects sequentially, indicating
that the model can monitor construction productivity effec-
tively. For future studies, utilizing more information, such as
temporal and body postures of workers, can potentially im-
prove the performance of the HOI model for the productivity
monitoring process.
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1 Introduction

The construction industry is less competitive than other
sectors. From 2000 to 2022, It only grew 0.4 percent an-
nually and has a 1.6 percent and 2,6 percent gap towards
the world total economy and manufacturing industry si-
multaneously ([1]). Even though global productivity was
boosted by China’s improvement (4 percent) in 2021, it
shows signs of slowing down due to the ineffective work-
force monitoring process. The main issue is that managers
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cannot improve their performance because they lack under-
standing of the interaction between workers, objects, and
their actions ([2]) simultaneously. This situation brings
practical problems, such as rework activities, defective
products, construction accidents, etc. Moreover, the cur-
rent technology uptake is mainly focused on controlling
systems rather than productivity. This means a compre-
hensive investigation of workers is essential to help the
managers in the decision-making process.

Currently, to understand the interactions between hu-
mans and objects in construction sites, managers must
conduct real observations consistently ([3], [4]), which is
time-consuming and low accuracy. The current technolo-
gies applications in construction sites only focus on detec-
tion and activity recognition, and their interaction has not
yet been addressed ([5]). This means the prompt about
which workers work for what objects remains unsolved
and becomes a crucial issue in the productivity monitoring
system ([6]). Moreover, construction sites have abundant
data collected by managers for daily reports from the site’s
video surveillance. This group of data is dominated by
large-scale instances for both humans and objects. How-
ever, this data is only used for administrative purposes and
has not been organized and utilized optimally for the pro-
ductivity monitoring process. Thus, the potential technol-
ogy is required to explore this data and generate valuable
information about worker activity.

Human-object interaction (HOI) [7] represents a trans-
formative vision-based methodology that enables simulta-
neous detection and analysis of humans, objects, and their
interactions within an image or video. This technique is
particularly valuable on construction sites, where monitor-
ing worker productivity and interactions with various ele-
ments is crucial. By employing HOI models, supervisors
can gain a detailed understanding of how workers engage
with tools and materials, which can significantly enhance
operational efficiency and safety protocols. The ability to
identify and categorize these interactions in real time of-
fers numerous benefits. It allows for immediate responses
to safety hazards or inefficiencies, and the data collected
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can be used to refine workflow designs and worker train-
ing programs. Moreover, integrating HOI technology into
existing surveillance systems transforms passive monitor-
ing into an active management tool. This facilitates a
more proactive approach to project management and qual-
ity control, ensuring that all activities on site align with
safety and productivity standards. Through the precise
detection of interactions, HOI technology not only boosts
site management but also contributes to the development
of smarter, safer construction environments.

To address this challenge, this study proposes the HOI
utilizing graph theory in large-scale instances to under-
stand the connection between workers and their elements.
This study consists of five sections: first, the Introduc-
tion presents the topic and its importance, while Related
Studies reviews previous work and contextualizes the re-
search. The Methodology section explains the approaches
and techniques used for HOI detection. The experiment
details the dataset preparation and results of practical tests
conducted. Finally, the Conclusion summarizes the find-
ings and suggests future research directions.

2 Related Studies

To understand the process of the HOI technique ([8],
[9], [9], and [10]), we need to compare it with the activity
recognition task. In the activity recognition task, there
are only two steps, including object detection and activ-
ity prediction. Object detection in this task only localizes
the humans and uses their spatial and temporal features
to determine the type of action. In Figure 6, the activity
recognition can identify the worker doing the installing
action on the particular object. However, without detect-
ing the objects and generating the interaction with the
humans, activity recognition can not address a practical
issue in construction sites that requires a comprehensive
understanding of workers for the productivity monitoring
process.

While in the HOI task, this technique offers more com-
plete detection information, such as humans, objects, con-
nection, and action prediction. To obtain those outputs, the
HOI task requires three steps, consisting of object detec-
tion, interaction detection, and activity prediction, where
this approach has one more additional step than the activ-
ity recognition task. After evaluating both tasks, we can
conclude that there are two important processes, including
object detection and activity prediction. To have an accu-
rate HOI prediction, four elements from the frames must
be extracted: humans, objects, interaction, and actions
with graph neural networks (GNN)([11]). Thus, we sum-
marize the recent construction worker and objects-related
studies in Table 1 below that utilized several approaches
to highlight the research gap in this study. In addition, the
two important tasks will also be elaborated in this section

to highlight the technical gap in this study.

Table 1. The recent studies in monitoring construc-
tion workers

Authors Worker monitor- Limitations
ing
Q. Zhang object detection no obj., act.,
([12) and int.
Y. Sun ([13]) object detection object only
R. Mutegeki activity recog- no obj., and
([14] nition (CNN- int.
LSTM)
S. Garcia activity recogni- no obj., and
([15]) tion (YOLO) int.
M.-Y. Cheng action recogni- no obj., and
([16]) tion (YOWO) int.
S. Tang ([17]) HOI for safety safety only

Object detection offers classification and localization
tasks. We can identify the type and position of the ob-
jects in each frame by using several existing models, such
as You Only Look Once (YOLO) ([18]), Faster R-CNN
([19]), Mask R-CNN ([20]), and others. In the current
construction practices, Q. Zhang ([12]) detects the con-
struction workers and classifies them based on the color
of the hat using Faster R-CNN. However, this study has
not considered the materials around the workers and the
type of action of the workers, so this study provides only
one HOI element. Moreover, Y. Sun ([13]) offers to de-
tect construction materials, such as concrete, brick, metal,
wood, and stone, through the VGG16 model. However,
they focus solely on the objects and ignore the other two
important elements in HOI tasks (humans and actions).
Therefore, the object detection task is not enough to ful-
fill the required information in construction practices. We
need to utilize potential techniques to enhance the recog-
nition level in construction sites.

Activity recognition is the deep learning task that mainly
focuses on understanding the type of action humans take.
The current models can help us conduct action recognition
consisting of Long Short-Term Memory (LSTM) ([21]),
YOLO, and You Only Watch Once (YOWO) ([22]), and
etc. Some studies have implemented these techniques in
construction sites, like R. Mutegeki ([14]) recognizing the
worker action by combining Convolution Neural Networks
(CNN) ([23]) and LSTM models. Furthermore, S. Garcia
([15]) and M.-Y. Cheng ([16]) observed the worker activ-
ity by using YOLO and YOWO sequentially. However,
Those studies did not provide information about objects
and their interaction in construction sites. Consequently,
construction practitioners cannot fully understand what
materials are being used or processed by which workers.
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Figure 1. Activity recognition and HOI task com-
parison

This incomplete situation triggers us to find a model that
can provide comprehensive information about workers.
From Table 1 and In Figure 6, we can imply that the cur-
rent studies lack interaction information among the work-
ers. Moreover, the objects located around workers have
not been completely recognized, which adds more chal-
lenges. Therefore, identifying humans, objects, actions,
and their interaction as a single information is an essential
issue to enhance the construction monitoring process.

3 Methodology

Based on the previous discussion, this study also has
three steps (Figure 2) in utilizing the HOI technique for
productivity monitoring in construction sites, such as Step
1. Object detection, and Step 2. Interaction prediction
with GNN, and Step 3. Activity recognition. In Step 1,
we utilize Faster R-CNN ([19]) to localize the objects and
extract potential features, such as visual features, semantic
features, and spatial features. Then, these features will be
stored in the fully connected layers (fc7) as input for the
GNN ([11]) in the next step. In Figure 2, W1, W2, O1, and
02 stand for worker-1, worker-2, object-1, and object-2,
which represent the detection results that consist of two
HOI elements, humans and objects. These results will be
considered as the node data, the initial information used
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to build the edge between one node and another. Further-
more, despite using a large-scale format, we still consider
many to many detections, which means we can potentially
identify crowd humans and objects in each frame. From
those two data, we can generate multiple interactions to
obtain a better understanding of the worker’s activities.
In other words, if we detect fewer people and objects in
the image, we will also have less interaction prediction, or
it relies on the performance of the object detection task.
Finally, object detection is crucial in HOI; the higher the
object detection performance, the better the productivity
monitoring results will be achieved.

In Step 2, the features from the previous step will be pro-
cessed in the GNN. We identify the potential interaction
or edge candidates (red arrow) through attention layers to
update the features in each node and construct the final
graph structures. We utilize the graph attention networks
(GAT) ([24], [25]) as one of the variations of GNN struc-
ture that offers a comprehensive node’s analysis. Then, we
follow these mathematical operations (Eq. 1 and Eq. 2)
as the GAT concept to prepare the HOI model.
- hL})

G = (V.E, {h}, h5, Iy, .. ey

B =0 Z @i Wh, )

JEN (i)

Where G is defined as a graph, V represents vertices that
consist of vy, vo,...,v,, and E stands for the edge of the
graph {w;; € V}. Before we build the Graph, we should
calculate h; as the updated feature vectors for each node
i, obtained by applying a non-linear activation function
o (such as the ReLU function) to a weighted sum of the
transformed feature vectors Wh; of neighboring nodes j
in the set N(i). The weights «;; are attention coefficients
obtained from the training process through the attention
networks that determine the importance of each neighbor’s
features to node i, computed by the network based on the
nodes’ relative positions or feature similarities. Once we
have the updated node vector h;, we can combine the whole
features and generate the final graph structure for the pre-
diction process. In addition, since we most likely detect
many workers and objects in one frame, this study also
proposes the multiple-heterogeneous interaction predic-
tion. Ultimately, we will gain a thorough understanding of
the intricate interactions between workers and the objects
they handle on construction sites.

In Step 3 of the workflow, the activity recognition uti-
lizes enriched graph data from GNNs to predict specific
interactions like “installing” or “transporting” between
workers and objects on construction sites. This stage crit-
ically assesses interaction dynamics using contextual and
relational data of the nodes, which represent workers and
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Figure 2. General workflow of productivity moni-
toring using HOI technique

objects. The GNN refines features and attention weights
to highlight significant interactions based on historical and
spatial-temporal relationships, providing supervisors with
insights for resource allocation and workflow optimiza-
tion. For evaluation, the model’s performance is quanti-
fied using the mean Average Precision (mAP) score, which
assesses the precision of the predicted interactions across
various confidence thresholds. This metric helps ensure
the accuracy and reliability of the interaction predictions,
supporting effective decision-making in productivity mon-
itoring.

In conclusion, the implementation of HOI techniques
using GNNs offers a transformative approach to produc-
tivity monitoring on construction sites. This research,
structured in three strategic steps: object detection, inter-
action prediction, and activity recognition, enables precise
monitoring and analysis of worker interactions with site el-
ements. Applying GNNs facilitates real-time processing
and complex interaction analyses, significantly improv-
ing operational efficiency and safety management. The
adaptability of this methodology to diverse construction
environments underscores its potential to revolutionize
project management strategies. By leveraging such ad-
vanced technologies, construction managers can optimize
workflows, enhance safety protocols, and improve overall
resource allocation. Continued advancements and inte-
gration of broader data types and interaction scenarios
could further elevate the effectiveness of this model, set-
ting new benchmarks in technology-driven construction
management and enhancing both efficiency and safety on
sites.

4 Experiment

We utilize the supplementary material from M.-Y.
Cheng, 2023 [16] provided a set of figures about construc-
tion workers who work in installing formwork structures
in a large-scale and high-resolution format. We collected
1250 images and divided them into training (1000 images)
and testing sets (250 images). We use the Hico-det-UI
([26]) for the labeling process, and we provide two la-
bels (bounding boxes and the action ID) and three classes,
which consist of worker, formwork, and steel rebar. More-
over, since those materials are installed in large locations
in construction sites, we implement local and global ar-
eas that refer to the associated area of objects with direct
interaction with the workers. Then, we prepare a list of
potential actions, such as preparing and installing the form-
work objects (productive actions) collected from a lexical
database from English (WordNet)([27]) and no-interaction
as non-productive actions. Then, to process the model and
dataset, we use the high-performance hardware NVIDIA
GeForce RTX 4090 with a GPU memory of 24.5GB and
131GB for RAM.

We trained our model in two steps: object detection
and GNN for the HOI tasks. For the Faster R-CNN, we
used some training parameters, such as 2500 epochs, batch
size 20, and learning rate 0.001, and we achieved 0.83
for the mAP@0.5. Then, in the next step, we train our
HOI model with these conditions (learning rates 1e-05,
batch size 32, drop probability 0.3, and epochs 300. We
evaluate the model with IoU more than 0.5, which means
if the intersection over the union of each bounding box is
more than 0.5, we consider it as the candidate for building
the graphs. Moreover, we define the performance as a
true positive if the three predicted HOI elements (humans,
objects, and actions) are suitable with the ground truth,
and we consider false positives if the model can predict the
classes that are not available in our datasets. We achieve
the 0.674, 0.556, and 0,632 mAP scores (Table 5) for the
local area, global area, and average area simultaneously as
the evaluation report for our datasets.

Figure 3. Installing formwork [16]
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Table 2. Installing action prediction, Fig 3

Items Humans Objects Interactions
1 HO worker- 00. rebar- no interac-
1 local area tion (0.001)
2 HO. 01. installing
worker- formwork- (0.008)
1 local area
3 H1. 02. preparing
worker- formwork- (0.011)
2 local area
éﬁ{ — oo W §
= S o id =
€ = =

Figure 4. Preparing formwork [16]

Table 3. Preparing action prediction, Fig 4

Items Humans Objects Interactions
1 HO. 01. rebar- no interac-
Yorker— local area tion (0.001)
2 HO. 02. no interac-
worker- formwork- tion (0.011)
1 local area
3 HO. 02. preparing
worker- formwork- (0.493)
1 local area

Figure 5. Transporting formwork[16]

From Figure 3 and Table 2. we can see that the workers

Table 4. Transporting action prediction, Fig 5

Items Humans Objects Interactions

1 HO. 01. transporting
worker- formwork- (0.015)
1 local area

2 Ho. : preparing
worker- formwork- (0.010)
1 global area

3 HI 01. preparing
worker- formwork- (0.010)
2 local area

4 HI. 02. transporting
worker- formwork- (0.05)
2 local area

5 HL 03. preparing
worker- formwork- (0.266)
2 local area

interact with the nearest objects; for instance, HO (worker
1) has an installing action with the formwork but no in-
teraction with the steel rebar in the local area. Then, the
worker (H1) interacts with the stacks of formwork as the
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Table 5. Performance report of the HOI tasks

Actions AP local AP AP aver-

area global age area
area

Installing 0.844 0.540 0.681

formwork

Preparing 0.644 0.603 0.626

formwork

Transporting 0.533 0.525 0.588

formwork

mAP score 0.674 0.556 0.632%*

Table 6. mAP (%) score comparison with the previ-
ous studies in HICO-DET groups

HOI models mAP average area
HO-RCNN [8] 0.078
PMN [28] 0.212
VS-Gats [10] 0.203
ViPLO [29] 0.372
PVIC-SwinL [30] 0.443
Ours 0.632

preparing action. In Figure 4 and Table 3, worker-1 (HO)
mainly focuses on the formwork board or preparing the
formwork structures, but the surrounding entities lack re-
bar rods and formwork components are also detected as the
preparation, inspection, and no interaction activity. The
last qualitative result is the transporting works (Figure 5,
and Table 4); the two workers are collaborating in trans-
porting the formwork’s elements. Here, worker-1 (HO)
transports the formwork-local area (01), while worker-2
(H1) transports the small sheet of board (formwork-local
area 02) in a different area. In addition, we also compare
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the results with the existing HOI model as a validation pro-
cess in which our average area (mAP 0.632) is higher 0.189
than PVIC-SwinL as the current highest performance HOI
model (Table 6), especially in the HICO-DET domain.
This result indicates that the model can comprehensively
localize the objects on both large and small scales and
predict the action connection accurately.

After we obtain and evaluate the results, managers can
monitor the productivity of each worker. Productivity can
be categorized by the type of detected action in the model.
From the predicted results in each frame, we can conclude
that they are productive workers with the installing, prepar-
ing, and transporting actions for the formwork structure as
the major objects. Moreover, worker compliance, such as
wearing standard safety attributes, using complete tools,
and having a high dedication to working as professional
workers, can also be considered by managers to deter-
mine the productivity of the workers. However, minor
objects that do not have direct interaction with the work-
ers, such as steel rebar or unused formwork, are predicted
as no-interaction actions. This means the workers are not
productive in minor objects but perform well in major
objects. In addition, the prediction in the other frames
can have different results; the major objects can be non-
productive if the worker has no interaction actions at the
prediction level. Therefore, to have an accurate analysis,
Figure (6) shows the total number of the detected actions
for all workers in the construction sites. Although the pro-
ductive actions (preparing) are dominated in the frame, the
prediction number of no-interaction actions is also high,
so managers should arrange a better scenario to address
this issue.

2500
2000
1500

1000

b -

Preparing Transporting Installing No-interaction

Figure 6. Productivity monitoring results

As the discussion part, even though we achieved excel-
lent performance results, some limitations still exist. Our
model has an imbalance data issue that prevents us from
reaching better results. The public datasets we obtained do
not represent the real conditions in construction sites. The
current datasets lack variations, and our datasets might
not perform well if a new set of data (unseen) is being

used for the testing process. Moreover, our study focuses
more on static images in which the dynamic interaction
of the workers has not been addressed yet. To conclude,
for future studies, we recommend utilizing more features,
such as temporal features from the video or real-time sce-
nario and body pose features, to improve the accuracy of
the action prediction. Advanced methods, such as vision-
language models (VLM), can also be utilized to improve
the detection, apply the segmentation, solve the data im-
balance, and process the semantic feature much better.

5 Conclusion

This study investigates the missing link or connection
between the workers and objects that play an important role
in measuring the productivity monitoring process. While
the current studies focus solely on object detection and
activity recognition only, we propose the HOI approach
to address this issue. Our study achieves accurate results
in both object detection (Step 1) and interaction predic-
tion (Step 2). Thus, we can identify which workers are
productive and non-productive using action recognition.
However, the imbalanced data as the main prompt in this
study must be addressed with current advanced technology
and other effective scenarios. Thus, we can provide the
level of the assessment process to improve the productivity
level of the construction industry in the future.
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