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Abstract: This research assessed the applicability of the You Only Look Once (YOLO)v8 and DeepLabv3+
models for the effective detection of compost heaps, identified as a significant source of non-point
source pollution. Utilizing high-resolution imagery acquired through Unmanned Aerial Vehicles (UAVs),
the study conducted a comprehensive comparison and analysis of the quantitative and qualitative
performances. In the quantitative evaluation, the YOLOv8 model demonstrated superior performance
across various metrics, particularly in its ability to accurately distinguish the presence or absence of covers
on compost heaps. These outcomes imply that the YOLOv8 model is highly effective in the precise
detection and classification of compost heaps, thereby providing a novel approach for assessing the
management grades of compost heaps and contributing to non-point source pollution management. This
study suggests that utilizing UAV's and deep learning technologies for detecting and managing compost
heaps can address the constraints linked to traditional field survey methods, thereby facilitating the
establishment of accurate and effective non-point source pollution management strategies, and contributing
to the safeguarding of aquatic environments.
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Fig. 1. Flowchart for data collection for detection of compost heap.
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Fig. 2. Architecture of YOLOVS.
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Table 2. Comprehensive management criteria for composted manure

Grade Condition

When the cover entirely covers the whole area

Good When 95% or more of the total area is covered by the cover
Poor When the cover is peeled off or only partially present for a single object

When a single object has distinguishable parts that are covered and not covered unacceptable
Bad When it is completely uncovered

When 95% or more of the total area has no cover
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Agju]el 272 Qes) AT QRS ool 23 A
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A W7k 23, YOLOvS @2 Accuracy”} 0.931, Precision
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Table 3. Quantitative performance comparison between YOLOV8 and DeeplLabv3+

Model Accuracy Precision Recall F1-Score mloU
loU_Compost: 0.761
YOLOv8 0.931 0.912 0.746 0.875 loU_Compost_C: 0.838
mloU: 0.808
loU_Compost: 0.468
Deeplabv3+ 0.947 0.699 0.723 0.712 loU_Compost_C: 0.633

mloU: 0.551
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183 = ZH AT A Ueh= ¢ o r A 0 2 Y3l
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Fig. 4. Qualitative comparison of detected results for covered compost heap class. The top row shows the YOLOv8 detected compost heaps, while
the bottom row displays the DeeplLabv3+ detection results. (a) shows a compost heap identified within the ‘Compost_C" class, marked in pink by
both models. (b) similarly depicts a compost heap classified under the ‘Compost_C' category, with the detection area marked in pink by both models.
(c) continues with the detection of another compost heap as part of the ‘Compost_C’ class, with the area of interest marked in pink by both models.
(d) contrasts with YOLOV8's detection of the compost heap strictly as the ‘Compost_C" class, marked in pink, as Deeplabv3+ detects certain areas

not as ‘Compost_C" but as ‘Compost’, marked in red.
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YOLOv8

DeeplLabv3+

(@) (b) () (d)

Fig. 5. Qualitative comparison of detected results for uncovered compost heap class. The top row shows the YOLOv8 detected compost heaps, while
the bottom row displays the DeeplLabv3+ detection results. (a) shows a compost heap classified as the ‘Compost” class, marked in red by both models.
(b) similarly depicts a compost heap identified under the ‘Compost’ category, with the detection area marked in red by both models. (c) continues
with the detection of another compost heap as part of the ‘Compost’ class, with the area of interest marked in red by both models. (d) follows the
same pattern, with the compost heap being detected as a ‘Compost’ class and marked in red by both models.

YOLOvS

DeeplLabv3+

()

Fig. 6. Qualitative comparison of detected results for mixed compost heap class. The top row shows the YOLOV8 detected compost heaps, while
the bottom row displays the DeeplLabv3+ detection results. (a) displays a mixed compost heap where YOLOv8 and DeepLabv3+ both identify areas
classified as ‘Compost’ in red, and areas classified as ‘Compost_C" in pink. (b) similarly depicts a mixed compost heap, with both models marking
‘Compost’ class areas in red and ‘Compost_C" class areas in pink. (c) continues with another mixed compost heap, where both YOLOv8 and
Deeplabv3+ mark the ‘Compost’ class detections in red and the ‘Compost_C" class detections in pink. (d) concludes with a mixed compost heap,
showcasing both models” ability to detect and distinguish between ‘Compost’ class areas, marked in red, and ‘Compost_C' class areas, marked in
pink.
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Table 4. Summary of management grades assigned by the model
versus actual compost heap counts and accuracy by grade

Grade Actual Count Model-Assigned Count Accuracy
Good 44 49 0.912
Poor 56 31 0.776
Bad 47 31 0.878

Fig. 7. Example classification results of compost heaps by human and YOLOv8 model. Top row - Example compost heaps classified by a human
expert. Bottom row - Example detection and grading results by the YOLOv8 model. (a) Example of a ‘Good" compost heap marked in blue. (b) Example
of an ‘Bad’ compost heap marked in red. (c) Example of an ‘Poor’ compost heap marked in green.
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