Fig. 4. Data records of received truckloads at an OSF.

Table 1. Composition of the dataset used for experimental studies.

Dataset separation

Label — —

Training Validation Test Total
Completed (inert > 50%) 415 91 91 597
Rejected (inert < 50%) 376 75 79 530
Total 791 166 170 1127

*Note: The numbers are quantities of records.

5.2. Results of visual recognition

A DenseNet169 model was fine-tuned on the training set for “completed (inert > 50%)/rejected
(inert < 50%)” classification. The Keras library on the TensorFlow 2 framework was used to
train the model. The training parameters were set as follows: Adam algorithm with a learning
rate of 0.001 was used for optimization; the used loss function was binary cross-entropy; batch
size, step per epoch, and number of epochs were set as 4, 200 and 20, respectively.

Figs. 5 (a) and (b), respectively, depict the change of accuracy and loss during the 20 epochs
of training. We observed that, despite the fluctuation, the evolvement of performance on the
validation set was in general consistent with that on the training set in the first 10 epochs, both
experiencing an increase on accuracy and a drop of loss. The observation indicates the model
was being properly trained and was learning generalizable patterns from the training data.
However, after 10 epochs, while the model performance kept improving on the training set, its
accuracy on the validation set started decreasing drastically; meanwhile, the loss on the
validation set remained fluctuating at the same level after 10 epochs. This phenomenon
signifies the occurrence of overfitting, where the model performs extremely well on the training
set but fails to generalize to the new samples in the validation/test set.
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Fig. 5. Change of (a) accuracy and (b) loss during training process; confusion matrix of
selected model on (c) training set, (d) validation set and (e) test set.

To prevent overfitting, the “early stopping” strategy was adopted (Brownlee, 2018a). The
model after 10 epochs of training was selected for performance evaluation. Figs. 5 (¢), (d), and
(e) show the confusion matrices of the model on training set, validation set and test set,
respectively. It can be observed that the accuracies on the three subsets are all around 0.75,
demonstrating the model’s ability to generalize to new test samples. Based on the model, the
visual features, VIP, of all samples in the dataset can be extracted for further analysis.

5.3. Feature correlation analysis

The correlation between the proposed visual/physical features and waste composition was
analyzed with Pearson’s correlation coefficients. The analysis was performed in IBM SPSS
based on the entire dataset with 1127 samples. Through correlation analysis, features with less
significant coefficients can be excluded from the hybrid model.

Figs. 6 (a) ~ (e) show the distribution of the five features (1 visual, 4 physical) by box plots.
Their Pearson’s correlation coefficients with the “Completed/Rejected” labels are listed in Fig.
6 (f). The most significant feature is VIP with a coefficient of 0.531, followed by the physical
features nWD and iGVW ratio with coefficients of 0.335 and 0.325, respectively. The
correlation of the remaining physical features iWD and GVW ratio is comparatively weak, and
thus we exclude them from the hybrid model. The correlation analysis implies that a truckload
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Fig. 6. Box plots of (a) WD, (b) iWD, (c) VIP, (d) GVW ratio, and (e) iGVW ratio; (f) a table
listing the Pearson’s coefficients of all the five features.

5.4. Performance of the hybrid model

Ahybrid SVM model integrating the visual feature V'/P and physical properties nWD and iGVW
ratio was trained to gauge whether a waste dump comprises more than 50% inert material. Due
to the differences in dimension and range of distribution, feature values of all samples in the
dataset were first normalized to the range of [0, 1] with the Min-Max normalization approach
(Codecademy, 2020). The Python package scikit-learn was used to train and test the SVM.
Model training and hyperparameter tuning was undertaken with 10-fold cross validation
(Brownlee, 2018b). Detailed information of the hyperparameter tuning process can be found

in the Supplementary Material.

When hyperparameters were specified as “kernel = rbf, C = 9000, and gamma = 6000, best
performance in terms of prediction accuracy (i.e., 0.928) was observed on the training and
validation set. The model trained with these hyperparameters was used to predict whether
truckloads in the test set comprised more than 50% inert waste by weight. The prediction
performance is shown in Fig. 7. The model’s predictions had a very high chance (i.e., 94%) of
being identical to evaluations made by human inspectors, which are deemed as the ground-
truth. Such high accuracy demonstrates the model’s promise for deployment in OSFs, replacing

humans for efficient and reliable inert proportion gauging.
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Fig. 7. Performance of the hybrid model in predicting inert waste proportion on test set.

6. Discussion

6.1. A peek into the black box using visual recognition

The visual recognition model based on DenseNet169 achieved an accuracy of 74.7% on the
test set, which is quite acceptable. This is especially true given that the input photos have not
been preprocessed to remove background areas surrounding the trucks, and that the visual
appearance of a waste dump does not necessarily reflect its interior composition. The VIP
extracted from the visual recognition model correlated to the inert content proportion with a
coefficient of 0.531, playing a critical role in the solid performance of the hybrid model.
Therefore, it is important to understand what kind of patterns the visual model learnt that are
crucial for distinguishing between waste loads with different inert proportions. A neural
network has been traditionally deemed as a black box, inside which the learnt patterns are
difficult for humans to interpret. Thanks to recent developments in explainable machine
learning, it is now possible for us to glance into the black box through emerging techniques
such as class activation mapping (CAM) (Zhou et al., 2016) and gradient-weighted CAM
(Grad-CAM) (Selvaraju et al., 2017). We used Grad-CAM in this study because, unlike CAM,
it does not require modification of the original network and model re-training (Chetoui, 2019).
Grad-CAM calculates the importance weight of a feature map with respect to the output class
via gradients, and then computes the weighted sum of all the feature maps to produce a heat
map indicating salient regions that affect the model’s decision.
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Fig. 8. Grad-CAM heatmaps indicating salient regions/features that affect the model decision.

Figs. 8 (a) and (b) show the heatmaps of the input images when the model correctly identified
the proportion of inert contents. As can be seen from the figure, despite the existence of
irrelevant background (e.g., ground, vegetation and exterior of toll gate office), the model has
learnt to focus on pixel areas where the truck buckets are located, forming a premise for
subsequent inert content gauging. For samples with more than 50% inert content (Fig. 8 (a)),
image regions with salient features appear to be larger than those observed in samples with less
than 50% inert content (Fig. 8 (b)). In addition, it seems the model tends to pay more attention
to the grab buckets mounted on the truck, and to correlate these buckets with greater likelihood
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of over 50% inert content. The phenomenon can be explained by empirical observations.
Specifically, construction waste with greater inert content tends to weigh more, and hence is
more likely to be loaded and transported by larger trucks with higher tonnage and grab buckets.
The model has also acquired the visual pattern of non-inert materials, and successfully
correlated pixel regions with bright colors and relatively smooth textures to the label of “inert
<50%” (Fig. 8 (b)).

Fig. 8 (¢) shows Grad-CAM heatmaps of some erroneous cases. The full load of concrete
fragments in #3-1 is not a normal case like those displayed in #1-1 ~ #1-3 where the different
inert (and non-inert) materials are randomly mixed together. The model may have been
confused by the relative infrequency of #3-1, leading to an incorrect judgement. In #3-2, the
model fails to detect where the truck bucket is, and thus the incorrect prediction is not surprising.
For #3-3, from the human visual perspective, the sample looks as though it contains a large
portion of non-inert materials, consistent with the predictive label. However, there might be a
large amount of inert content hidden in a lower layer, which cannot be picked up by visual
sensors. This highlights the importance of integrating both visual and physical features to
achieve a more comprehensive evaluation.

6.2. Adaptability of the proposed approach to broader contexts

Although developed in the Hong Kong context, the proposed approach can be adapted to waste

management dilemmas in other countries/regions. The differences between inert and non-inert

waste with respect to physical properties and visual appearance are universal, so the visual

feature VIP and physical features iWD, nWD, GVW ratio and iGVW ratio can serve as universal

indicators to gauge inert and non-inert contents. With regards to interior waste composition

corresponding to each of waste dumps, this can be obtained via approaches applicable to the

local context. In our study, such information was inferred from the OSF binary labels indicating

whether the waste dumps were “Completed” (and hence comprised more than 50% inert waste)

or “Rejected” (comprising less than 50% inert waste). Thus, the model is actually a binary

classifier gauging whether the relevant mixed waste is made up of more than 50% inert content.

This is not necessarily the case in other countries/regions, as those places might manage

construction waste using trisection or quarter division. One can even meticulously segregate

and probe into the waste mixture to get a continuous and accurate waste composition value of
each truckload. In this way, it is viable to reconstruct a regression model (rather than a classifier)
that can make explicit the waste dump composition. In addition, the incoming trucks do not

have to be inspected one by one through the toll gates; rather, it is worth exploring to deploy

unmanned aerial vehicles (UAV) and object detection models to enable inspection of multiple

trucks at the same time. In such a way, the efficiency can be further improved.

6.3. Significance of the research findings

The experimental studies demonstrate a 94% accuracy of our hybrid approach in gauging
16
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composition of CW. To evaluate the performance, results obtained from the field of waste
image classification can be used for comparison. State-of-the-art performance of waste
classification on TrashNet (Thung and Yang, 2019), a public open trash dataset, is around 96%
(Huang et al., 2020; Yang and Li, 2020). The TrashNet dataset mainly consists of photos of
individual waste items appeared on relatively simple background. Compared with the
classification on TrashNet, it is more difficult to recognize composition of a bulk of mixed
waste. Thus, the 94% accuracy of our approach is rather satisfactory.

The visual-physical feature hybrid model proposed in this study contributes to the general
problem of “looking beneath the surface”. To get to the essence of something, humans often
have to make inferences from external appearances. Knowledge of such human inference can
be extracted to train intelligent machines. This is demonstrated by our study from a perspective
of waste management, which has successfully reconstructed the mapping between the surface
features of waste dumps and their interior composition from more than 1,000 pieces of data.
While the idiom “seeing is believing” reflects the importance of visual information, our study
implies depending merely on vision can bring bias. One possible way to overcome such bias is
to consider information from other sources to complement visual features. When visual and
physical features were integrated, satisfactory performance was attained. From a practical point
of view, the proposed approach facilitates the trend towards unmanned/unattended gauging of
CW composition, reducing investment in manpower, improving efficiency, and also ensuring
reliability and credibility of waste management systems. Our approach vividly demonstrates
how unattended operations, driven mainly by algorithms and big data, can address the problems
associated with human-in-the-loop operations.

7. Conclusions

There are many scenarios in which human experts need to make inferences about something
from its outward appearance. Likewise, current practice in gauging construction waste
composition requires human inspectors to judge whether the inert content in a waste dump
exceeds required proportions based on limited information. This practice is inefficient,
laborious, hazardous, and can be undermined by fatigue, sloppiness and corruption. To address
these limitations, this paper presents an automated approach for inert waste content gauging
through the hybrid use of both visual and physical features of construction waste. A fine-tuned
CNN model was trained to extract a high-level feature index called visual inert probability (VIP)
from more than 1,000 photos of waste dumps. The VIP demonstrated a correlation coefficient
of 0.531 with inert content proportion. It thus can provide important visual clues on the
composition of construction waste. Four different physical features were defined based on the
collected sensing data (e.g., weight and depth), of which the nWD and iGVW ratio presented
moderate correlations with inert content proportion. Our visual-physical feature hybrid
approach achieved 94% accuracy in gauging construction waste composition at an off-site

sorting facility in Hong Kong. The accuracy is almost equally as well as human inspectors.
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Since it can work automatically without human intervention, this approach is not prone to
fatigue or bribery from waste haulers/contractors. The solid performance of the proposed
approach and its advantages thus demonstrate its promise in replacing human inspectors at

waste disposal facilities for unattended operation.

Future studies are recommended to further facilitate waste composition gauging. First,
semantic segmentation techniques such as DeepLabv3 can be applied to recognize the specific
types of material on the surface of the waste dumps, which will provide more visual information
on waste composition, and thus can potentially lead to higher accuracy. Second, the concept of
bulk density can be utilized to better characterize the physical properties of waste dumps. As
bulk density is directly correlated to waste composition from a theoretical perspective,
incorporating it into the hybrid model can be expected to further improve the model
performance.
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Supplementary material:

S1. Hyperparameter Tuning for the Hybrid SVM model

When training a support vector machine (SVM) model with Python scikit-learn package, three
important hyperparameters need to be specified, i.e., kernel, C and gamma. The “kernel”
designates the type of hyperplane used to separate the data. For example, “linear” kernel is
effective for linear-separable data while the other kernels (e.g., “poly”, and “rbf”’) are normally
used to deal with nonlinear data. C is the regularization parameter that defines the tolerance
level of misclassification, while the gamma defines the range of influence a training sample
should reach.

We used 10-fold cross validation to tune the above three hyperparameters. The implementation
of k-fold cross validation has two benefits. First, it allows full utilization of the dataset for
training since a separate validation set is not needed. This is critically important when the
amount of available data is limited. Second, it mitigates the adverse influence of different data
splits on the performance metrics, thus allowing for a more objective performance evaluation.
The training and validation sets in Table 1 of the paper were combined to form a new dataset
(including 957 samples in total) for 10-fold cross validation. Table S1 lists the results of 10-
fold cross validation under different hyperparameters. When hyperparameters were specified
as “kernel = rbf, C = 9000, and gamma = 6000”, best performance in terms of prediction
accuracy (i.e., 0.928) was observed on the dataset.

Table S1. Cross validation results of the hybrid model trained with different hyperparameters.

No Hyperparameters Performance metrics
Kernel degree” C gamma Training time/fold accuracy Fl1-
(s) score
1 2 300 10 1.67 0.757 0.756
2 2 5000 40 98.3 0.771 0.771
3 Poly 2 100 0.5 0.01 0.76 0.759
4 3 100 04 0.01 0.766 0.764
5 / 100 0.8 0.01 0.85 0.85
6 / 300 10 0.06 0.866 0.866
7 r1bf / 600 120 0.06 0.889 0.889
8 / 600 300 0.03 0.91 0.91
9 / 9000 6000 0.04 0.928 0.927

* The hyperparameter is only applicable to “Poly” kernel, which represents the degree of the polynomial kernel
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