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Abstract: Poultry industry plays a vital role in the livestock industry. In poultry production,
disease breakouts can cause a fall in production performance and, at times, can cause
significant mortality which could result in tremendous economic loss. To realize the low-
cost, contactless poultry health status detection for large-scale poultry houses, this study
explores the method of detecting the four types of poultry health status according to the
images of poultry feces. A total of 6812 photographs were taken on farms, of four types:
Healthy, Coccidiosis, Newcastle Disease and Salmonellosis. The dataset has been divided
into training, test and validation sets in a ratio of 7:2:1. In this study YOLO11n models were
trained from scratch and with pretrained weights. The results show that the pretrained model
achieved Precision, Recall, mAP@0.5 and mAP@0.5:0.95 of 85.1%, 73.1%, 83.6%, and
63.1%, respectively; the model trained from scratch achieved 81.5%, 76.0%, 82.8%, and
59.9%, respectively. In addition, pretraining boosted the overall Precision by 3.6%,
MAP@0.5 by 0.8%, and mAP@0.5:0.95 by 3.2%. This procedure can be used as an
automatic preliminary screening procedure for abnormal feces in chicken houses.

1. Introduction

Poultry production provides the world’s population with efficient and affordable animal protein,
but intensive farming also increases the risk of infectious disease spread, production losses, and
animal welfare issues [1]. Traditional manual inspections rely on the observer’s experience, making
it difficult to conduct continuous, objective monitoring of large-scale flocks; while laboratory testing
offers high diagnostic value, it requires sampling, specialized equipment, and time [2]. Artificial
intelligence, the Internet of Things, and computer vision are therefore being progressively deployed
to convert signals such as images, sounds, body temperature, and behavior into actionable health
alerts [3].

Poultry health monitoring primarily includes thermal imaging, sound analysis, behavioral analysis,
postural analysis, and visual analysis of feces. Thermal infrared methods can reflect changes in body
surface temperature but rely on specialized sensors and environmental compensation [4]. Sound
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analysis is suitable for continuous flock monitoring but are susceptible to mechanical noise and
overlapping sounds [5]. Behavioral and postural methods can detect lameness, heat stress, or
abnormal activity, but dense crowding, individual tracking, and differences in age can compromise
cross-scenario stability [6]. Fecal images are characterized by low acquisition costs, minimal
disturbance to the chickens, and ease of integration with edge-detection visual systems; their color,
moisture content, morphology, and texture can indicate risks associated with certain gastrointestinal
or infectious diseases [7]. However, these phenotypic traits are also influenced by feed, age, lighting,
and house environment, and therefore can only support risk screening but cannot constitute a
pathogen diagnosis on their own.

Previous studies have employed convolutional neural networks, VGG16, MobileNetV2, Xception,
and models combining YOLO with classification networks to identify poultry feces images [8-10].
While these studies have demonstrated the computability of feces phenotypes, three shortcomings
remain: First, whole-image classification cannot clearly identify abnormal regions; second,
inconsistencies in the data domains, classification systems, and evaluation metrics across different
studies make it difficult to directly compare the high accuracy rates reported; third, the reliability of
detection for minor classes, such as Newcastle disease, is easily masked by overall metrics. YOLO11n
achieves end-to-end localization and classification with a relatively small number of parameters,
providing a viable foundation for edge deployment [11].

2. Related Works

Non-contact poultry monitoring has evolved into a multimodal technical system. Wang et al. fused
RGB, thermal infrared, and depth information, and used YOLOv8n-mvc to localize chicken heads
and perform distance calibration, reporting a mAP@0.5 of 96.0% [12]. Ansarimovahed et al. used
YOLOV8 to extract thermal regions of the head and legs, then employed support vector machines to
distinguish between avian influenza and Newcastle disease [13]. In the acoustic domain, Soster et al.
utilized over 2,000 manually annotated clips to distinguish four types of broiler chicken vocalizations,
achieving a balanced accuracy of 91.1% [14]. Sun et al. combined time-frequency domain, MFCC,
and sparse features, using a random forest to statistically analyze abnormal vocal patterns and cough
rates [15]. These two categories of methods provide physiological and population-level acoustic
evidence, respectively; however, equipment costs, ambient temperature, background noise, and
individual localization continue to limit their universal applicability.

Behavior and posture studies primarily estimate health status based on video trajectories, heatmaps,
or keypoints. Merenda et al. combined YOLOVSI, individual tracking, and a gradient-boosted
classifier to identify feeding and drinking behaviors, but the system’s ability to maintain identity
declined during long-term tracking [16]. Yan et al. used a lightweight YOLO-HGP with multi-object
tracking to assess heat stress behaviors [17]. Fodor et al. used DeepLabCut to extract eight keypoints
and found that stride height and the tarsus-to-foot distance ratio were correlated with broiler gait
scores [18]. Garg and Goel employed YOLOv5n and a convolutional network to detect lameness in
young broilers [19]. These methods can characterize dynamic or postural abnormalities but are
susceptible to occlusion, camera angles, and growth stages.

Visual analysis of feces is most relevant to this paper. Machuve et al. established a dataset of four
types of feces labeled by both laboratory researchers and farm experts, and compared various transfer
learning classifiers [8]. Degu and Simegn used YOLOv3 to localize feces and ResNet50 for
classification, and implemented a mobile prototype [20]. Qin et al. compared YOLOv3 through
YOLOV9 on a dataset of five types of abnormal feces collected from commercial chicken farms,
demonstrating that lightweight models offer a good speed-accuracy trade-off [21].

Overall, different perception pathways reflect different physiological mechanisms, and high
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performance in a single study does not directly prove diagnostic capability across different chicken
houses. This study selected fecal images because of their low cost, ease of collection, and suitability
for edge-based visual processing; the objective of the study is to locate and screen for abnormal
phenotypes, rather than to claim that fecal images are disease-specific.

3. Materials and Methods
3.1. Dataset Preparation

The data for this study were derived from farm-labeled images collected by Machuve et al. at
poultry farms in Tanzania [8]. The source data categories were provided by agricultural technicians
and included “Healthy,” “Coccidiosis,” “Newcastle disease,” and “Salmonellosis.” The local dataset
used in this paper consists of a total of 6812 JPEG images, including 2057 images labeled as “Healthy,”
2103 as “Coccidiosis,” 376 as “Newcastle disease,” and 2276 as “Salmonellosis.”

To transform the whole-image classification task into an object detection task, Labellmg was used
to draw tight bounding boxes around recognizable feces regions in each image, applying a fixed set
of four labels. Upon file-level verification, all 6,812 images were labeled with corresponding YOLO
text annotations manually. The total number of object instances was 8,829.

The dataset was split into training, validation, and testing dataset into 7:2:1 as shown in Table 1.
4768 images in the training set, 1362 in the validation set, and 682 in the test set. The testing dataset
is kept separate during training and model selection and is used solely for the final independent
evaluation. The training, validation, and testing sets contain 6154, 1774, and 901 annotated instances,
respectively.

Table 1: Dataset split.

Training Validation Testing Total

Healthy 1,440 411 206 2,057

Coccidiosis 1,472 421 210 2,103
Newcastle disease 263 75 38 376

Salmonellosis 1,593 455 228 2,276

Images 4,768 1,362 682 6,812

Instances 6,154 1,774 901 8,829

3.2. YOLO11n and Training Strategy

YOLO11n adopts a three-level object detection architecture consisting of a backbone, neck, and
head, as shown in Figure 1. Compared to the C2f module used in YOLOv8, YOLO11 employs C3k2
as its primary feature extraction unit. C3k2 inherits the concept of cross-stage partial connectivity
and, based on the c3k parameter, internally selects either a Bottleneck or a C3k unit to strike a balance
between computational overhead and feature representation. C2PSA divides the input features into a
bypass branch and an attention branch, performing position-sensitive attention on a subset of channels
before fusion, thereby avoiding the additional computational overhead associated with applying
attention to all channels.

For a 640>640 input, the backbone network performs stepwise downsampling through stride
convolutions and the C3k2 module to generate multiscale features at multiple levels. The SPPF and
C2PSA modules are located at the end of the backbone and are used to expand the receptive field and
enhance high-level spatial feature modeling, respectively.
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Figure 1: Architecture of YOLO11n.

The Neck consists of a top-down feature pyramid path and a bottom-up path aggregation structure,
which fuses shallow localization information with high-level semantic information through
upsampling, concatenation, stride convolution, and C3k2. Finally, an anchor-free, decoupled Detect
module simultaneously receives the three fused scales and performs bounding box distribution
regression and class prediction, respectively.

To isolate the effects of transfer learning, we conducted two experiments that differed only in their
initialization methods: (1) Pretrained: Loaded the pretrained weights yolol11n.pt; (2) Scratch: Used
the same YOLO11n architecture with random initialization. Both sets of models were trained for 100
epochs, with an input size of 640>640, a batch size of 16. The uniform training environemnts are
described as Table 2. The best weights were automatically saved based on the overall fitness on the
validation set.
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Table 2: Training environments.

Training Platfrom

Configuration Specification Hyperparameters Value
Intel® Xeon® Silver .
CPU 4214R CPU (2.40 GHz) Pretrained yolol1n.pt
NVIDIA - GeForce RTX

GPU 4080 16GB Epoch 100

RAM 16 GB Training Size 640
CUDA 11.3 Batch Size 16
Python 3.10 Learning Rate (Ir0) 0.01
PyTorch 2.7.0 Optimizer AdamW

3.3. Evaluation Metrics

To evaluate the detection performance of YOLO11n on four types of poultry manure targets, we
used Precision, Recall, Average Precision (AP), and Mean Average Precision (mAP). And Precision
(P) and Recall (R) are defined as follows:

TP
- 1
TP+FP (1)
TP
= (2)
TP+FN

Here, TP refers to the number of predicted bounding boxes that are correct in class and match the
ground-truth bounding box; FP refers to the number of predicted bounding boxes that are incorrect in
class, fail to meet the loU requirement, or are incorrectly matched to the background; and FN refers
to the number of true objects not detected by the model. Precision reflects the proportion of correct
detections in the prediction results, while Recall reflects the proportion of true objects that are
detected.

Since a single confidence threshold cannot fully describe a detector’s performance, this study
calculates the AP for each class based on the Precision-Recall curves at different confidence
thresholds:

AP = [ PR)AR 3)

For detection tasks involving multiple classes, mAP is defined as the arithmetic mean of the APs
for each category:

N
MAP = %ZAH (4)
1

Here, N represents the number of classes included in the evaluation; in this study, N = 4; AP;
represents the average precision for the ith class.

4. Related Works

Both sets of models completed 100 training iterations. The pretrained model’s combined validation
set fitness peaked at iteration 66, while the scratch model peaked at iteration 95, indicating that the
pretrained weights formed effective features suitable for this task earlier. As shown in Figure 2, the
training and validation losses for Box, Classification, and DFL of the pretrained model were lower
than those of the Scratch model throughout the whole training phase; The Scratch model showed a
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rapid decline in the early stages, followed by gradual convergence, but its overall loss level remained
high. No sustained divergence between the training and validation curves was observed.
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Figure 2: Loss curves: (a) Box loss; (b) Classification loss; (c) DFL loss.

Figure 3 summarizes the overall performance of the optimal checkpoint across 1,362 validation
images and 1,774 objects. For the pretrained model, under a threshold of 0.5:0.95, the precision, recall,
MAP@0.5, and mAP were 86.9%, 81.3%, 86.7%, and 64.0%. Whereas the model trained from scratch
(Scratch model) achieved corresponding metrics of 84.9%, 76.3%, 86.45, and 61.8%. Compared to
the model trained from scratch, pretraining increased precision by 2%, recall by 5.0%, mAP@0.5 by
0.3%, and mMAP@0.5:0.95 by 2.2%. This indicates that pretraining improves detection coverage and
localization quality but also introduces more false positives. Since the validation set is used to
optimize weight selection.
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Figure 3: Performance comparison based on validation dataset.

To avoid using the validation set for both model selection and final reporting, this study conducts
an independent evaluation using testing dataset. As shown in Table 3, the pretrained model achieved
Precision, Recall, mMAP@0.5, and mAP@0.5:0.95 of 85.1%, 73.1%, 83.6%, and 63.1%, respectively,
while the Scratch model achieved 81.5%, 76.0%, 82.8%, and 59.9%, respectively. Compared to the
Scratch model, pretraining increased Precision by 3.6%, mAP@0.5 by 0.8%, and mAP@0.5:0.95 by
3.2%, but decreased Recall by 2.9%.
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Table 3: Performance comparison based on testing dataset.

Schemes Class P (%) R(%) mMAP@0.5(%) mAP@0.5:0.95 (%)
Pretrained All 85.1 73.1 83.6 63.1
Pretrained Healthy 87.7 78.0 89.0 69.3
Pretrained Coccidiosis 88.9 76.3 87.8 70.3
Pretrained Newcastle disease 75.7 55.2 67.2 42.7
Pretrained Salmonellosis 87.6 82.6 90.4 70.2
Scratch All 81.5 76.0 82.8 59.9
Scratch Healthy 81.6 82.8 87.6 64.8
Scratch Coccidiosis 85.7 80.5 87.7 67.7
Scratch Newcastle disease 77.4 58.6 69.6 41.3
Scratch Salmonellosis 81.5 81.9 86.4 65.6

The results further illustrate that the pretrained model achieved the highest mAP@0.5 for
Salmonellosis (90.4%), while the mAP@0.5:0.95 for Coccidiosis, Salmonellosis, and Healthy were
70.3%, 70.2%, and 69.3%, respectively. Compared to the Scratch model, the pre-trained model
improved the mAP@0.5:0.95 for “Healthy,” “Coccidiosis,” “Newcastle disease,” and “Salmonellosis”
by 4.5%, 2.6%, 1.4%, and 4.6%, respectively. However, the Recall for “Healthy,” “Coccidiosis,” and
“Newcastle disease” decreased by 4.8%, 4.2%, and 3.4%, respectively. Newcastle disease was the
weakest class in both models: the pretrained model achieved Recall and mAP@0.5 of 55.2% and
67.2%, respectively, while the Scratch model achieved 58.6% and 69.6%, respectively. This indicates
that pretraining consistently improves localization of target objects.
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Figure 4: Confusion matrix comparison: (a) Pretrained; (b) Scratch.

Figure 4 shows the normalized confusion matrix on the independent testing set, with the true class
on the x-axis and the predicted class on the y-axis. At the confidence level used for plotting, the
diagonal ratios of the pretrained model for Healthy, Coccidiosis, Newcastle disease, and
Salmonellosis are 0.85, 0.84, 0.66, and 0.89, respectively, while those for the Scratch model were
0.84, 0.84, 0.62, and 0.83, respectively. This indicates that pretraining improved the correct
classification rates for “Healthy,” “Newcastle disease,” and “Salmonellosis” at this working point,
while the rate for “Coccidiosis” remained largely unchanged. The primary errors for both model
groups were not due to cross-confusion between disease categories, but rather the misclassification
of true targets as “background.” The false negative rates for the “background” class in the pre-trained
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models were 0.13, 0.16, 0.31, and 0.11, respectively, while those for the Scratch models were 0.15,
0.16, 0.33, and 0.13. Newcastle disease had the highest false negative rate, further highlighting the
issues of insufficient samples in minority classes and phenotypic heterogeneity.

5. Conclusions

This paper establishes a YOLO11n-based object detection workflow for four categories of poultry
manure images and compares COCO pre-training with random initialization on 6,812 images and
8,829 objects. Independent testing showed that the pre-trained model achieved a mAP@0.5 of 83.6%
and a mAP@0.5:0.95 of 63.1%, representing improvements of 0.8% and 3.2%, respectively, over the
scratch model. Meanwhile, Precision increased by 3.6%, but Recall decreased by 2.9%. Class-by-
class results show that pretraining improved the mAP@0.5:0.95 for four classes; however, for
Newcastle disease, Recall remained below 60% under both training methods, and this class exhibited
the highest rate of false negatives in the confusion matrix. In summary, the benefits of transfer
learning are primarily reflected in localization quality and false positive control, rather than a uniform
increase in detection rates. YOLO11n supports low-cost, non-contact preliminary screening for
abnormal feces; however, model outputs should not replace veterinary examinations or laboratory
confirmation until external validation across different farms, expansion to minor classes, and
diagnostic consistency studies have been completed.
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